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Abstract
The human brain is a system of neurons that provides great computational capacity via a complicated
communication network. A complete description of this network, also known as the human connectome, is
an active topic of research as it would provide invaluable knowledge to cognitive neuroscience. Historically,
the study of brain connectivity has been marked by a dichotomy between structure and function. Recent
advances in magnetic resonance imaging (MRI) provide a potential framework for bridging this divide and
allowing for a more complete window onto brain connectivity. Here, a framework for examining structural
connectivity and functional connectivity in a network is presented with a focus upon the study of well-known
subnetworks. An examination of the thalamo-cortical system exhibits the ability to use multivariate MRI data
to model a brain network and identify localized connectivity disruptions. A study of a language-based
decision-making task shows how functional and structural connectivity may be used to examine the
integration of multiple subnetworks and their influence upon cognitive performance. Finally, a study of
lateralization in aging demonstrates that both age-related functional and structural are associated with
maintaining a high level of cognitive performance.
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ABSTRACT
CHARACTERIZING CONNECTIVITY IN BRAIN NETWORKS USING
MAGNETIC RESONANCE IMAGING
Jeffrey T. Duda
Supervisor: James C. Gee, Ph.D.
The human brain is a system of neurons that provides great computational ca-
pacity via a complicated communication network. A complete description of this
network, also known as the human connectome, is an active topic of research as
it would provide invaluable knowledge to cognitive neuroscience. Historically, the
study of brain connectivity has been marked by a dichotomy between structure and
function. Recent advances in magnetic resonance imaging (MRI) provide a poten-
tial framework for bridging this divide and allowing for a more complete window
onto brain connectivity. Here, a framework for examining structural connectiv-
ity and functional connectivity in a network is presented with a focus upon the
study of well-known subnetworks. An examination of the thalamo-cortical system
exhibits the ability to use multivariate MRI data to model a brain network and
identify localized connectivity disruptions. A study of a language-based decision-
making task shows how functional and structural connectivity may be used to
examine the integration of multiple subnetworks and their influence upon cogni-
tive performance. Finally, a study of lateralization in aging demonstrates that
both age-related functional and structural are associated with maintaining a high
level of cognitive performance.
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Chapter 1
Introduction
“The brain is the last and grandest biological frontier, the most complex
thing we have yet discovered in our universe. It contains hundreds of
billions of cells interlinked through trillions of connections. The brain
boggles the mind.”
–James D. Watson, Discovering the Brain, National Academy Press,
1992
The human brain serves as the control center of the nervous system and con-
trols nearly every activity that is required for survival. It contains hundreds of
billions of neurons that communicate with each other via a network of hundreds
of trillions of connections, forming the most complex organ in the human body.
Having been recognized as the body’s major controlling center by the Greek physi-
cian Hippocrates, the brain has long been a focus of scientific inquiry [90]. Early
examinations centered upon dissection to examine the neuroanatomy of the brain
and led to the discovery of critical features of the brain, such as Andreas Vesal-
ius’ distinction between gray and white matter [289] and Joseph Gall’s proposal
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that the brain is composed of many “organs” each responsible for specific func-
tional faculties [104]. Paul Broca’s (1824 - 1880) cortical lesion analyses provided
critical knowledge as they introduced the concept of functional lateralization and
suggested a direct link between structure and function in the brain. While these
ex-vivo examinations of the brain provided great insight into brain anatomy and
structure, the ability to examine brain function in-vivo confirmed the functional
specialization of subregions of the brain. Studies of brain function have also re-
vealed that the functional subregions of the brain work together to form large-scale
neural networks that allow for complex cognitive processes. Hence, it is important
to not only characterize anatomy, structure and function in the brain, but also the
inter-relations, or connectivity, and their influence upon cognitive performance.
In this dissertation, we present methods to quantitatively characterize the re-
lationships between anatomy, structure, and function throughout the human brain
through the use of neuroimaging techniques. We use the functional outcome of
brain injury to guide an examination of structural damage in the brain. We exam-
ine both structural and functional connectivity to examine their role in modulating
behavior in healthy human brain, and we explore the influence of aging upon later-
alization of the brain for both structure and function. In this chapter, we provide
background information for the various concepts discussed later, and introduce the
reader to the layout and direction of the dissertation.
1.1 Normal brain anatomy and physiology
Due to the compartmentalized nature of the brain, its anatomy may be described
in a hierarchical manner. The two hemispheres of the human brain have three
primary components (1) the hindbrain provides communication between the brain
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and the rest of the nervous system and is primarily responsible for coordinating
involuntary movement; (2) the midbrain connects the hindbrain to the forebrain,
and contains several pathways important to hearing and vision; (3) the forebrain
is the largest component and is made up of the cerebrum whose functions include
thinking, reasoning and remembering as well as the diencephalon which controls
all the autonomic regulatory activities of the body such as temperature, hunger,
and emotion. The gray matter of the cerebral cortex is the primary component
of the cerebrum, while the underlying cerebral white matter provides the network
of connections between gray matter regions. Each cerebral hemisphere consists of
four lobes (figure 1.1b). The frontal lobe functions involve the abilities to recognize
future consequences resulting from current actions, suppress unacceptable social
responses, and determine similarities and differences between entities or events.
The parietal lobe plays important roles in integrating sensory information from
various parts of the body, knowledge of numbers and their relations, in the manip-
ulation of objects, and portions of the parietal lobe are involved with visuospatial
processing. The temporal lobe is involved in auditory processing, is important for
the processing of semantics in both speech and vision, and plays a key role in the
formation of long-term memory. The occipital lobe is the visual processing center
of the brain. Methods for further subdivision of the lobes based upon cytoarchi-
tectural features of gray matter, most notably by Brodmann [47], have provided a
common anatomical frame of reference for studies of anatomy and have been found
to correspond to functional specialization.
The anatomy of the cerebral white matter is important as it provides the com-
munication network that allows the functional subregions of the cortex to commu-
nicate with each other and consists of three types of fibers: (1) projection fibers
3
a) b) c)
Figure 1.1: a) An image of an ex-vivo human brain in which the forebrain and hindbrain
are visible (image adapted from [277]) b) Each hemisphere of the the forebrain is divided
into four lobes as illustrated here (image adapted from [204]) c) Brodmann proposed a
labeling of the brain surface based upon cytoarchitectural features of the brain (image
adapted from [276])
.
connect the cortex with the lower parts of the brain and the spinal cord (figure
1.2a); (2) commisural fibers connect the two hemispheres of the brain (figure 1.2b);
(3) association fibers unite different parts of the same cerebral hemisphere. There
are two types of association fibers: (1) those connecting adjacent gyri, short as-
sociation fibers (i.e. u-fibers); (2) those passing between more distant parts, long
association fibers. The ability to identify functionally specific subregions of the
cortex and the white matter pathways that connect them provides a full anatom-
ical description of specialized large-scale neural networks such as the language,
memory and visuospatial networks.
1.2 Connectivity in the brain
The human brain is a system comprised of more than 1010 neurons that provide
great computational capacity via a complicated communication network consisting
of both local circuits and long-range fiber pathways [127]. The neurons of the
4
a) b) c)
Figure 1.2: Cortical regions communicate via the white matter which consists of: a)
the projection fibers that connect the cortex to the lower brain and spinal cord (image
adapted from [308]) b) the commisural fibers that connect the hemispheres of the brain
(image adapted from [307]) c) the association fibers the provide both long and short
range intra-hemispheric connections (image adapted from [308]).
cortical gray matter are responsible for processing information while their axons
comprise the white matter that provides the communication channels between the
functionally and structurally segregated subregions of the cortex. The study of
brain connectivity seeks to understand the anatomical arrangement, structural
properties, interconnections, and functional relationships of the elements of this
system and is essential for further insight into the nature of cognitive processes and
could provide a critical window onto development, aging and neurodegenerative
disease in the brain.
1.2.1 Anatomical and Structural Connectivity
The terms anatomical connectivity and structural connectivity are sometimes used
interchangeably, but here we distinguish between the two in an attempt to explore
the relationship between them as well as the extent to which each relates to func-
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tional connectivity. Anatomical connectivity identifies the presence of a physical
connection between distinct regions in the brain and quantifies the geometry of the
regions and the pathways that connects them. Structural connectivity is concerned
with the biophysical properties of the tissue that connects the regions. Collectively,
anatomical and structural connectivity are known as the human connectome and
they comprehensively describe the biological network of elements that define the
human brain [127].
Brain development plays an important role in defining the geometry and to-
pography of anatomical connections. Phylogenetically older brain regions develop
first and have direct, sometimes unidirectional, connections [112]. The connec-
tions typically have a linear configuration as seen in the corticospinal tracts and
the thalamo-cortical network. Cortical regions associated with more complex neu-
ral networks that require a higher degree of interconnectivity develop later and
consist of systems in which subregions may be connected directly or indirectly via
intermediary cortical regions. While functional regions of the cortex have been well
defined from lesion and functional studies, white matter connective pathways are
not as clearly defined due to these indirect and parallel connections. This can lead
to confusion and ambiguity regarding the components that comprise a particular
neural network. A greater understanding of the inter-relations between anatomy
and function in the brain could help identify the components that are relevant to
a functionally specific network.
Structural connectivity examines the architectural properties of anatomical
connections in order to estimate the integrity or efficacy of the connections. As
with anatomic connectivity, brain development plays an integral role in defining
structural connectivity. In addition to temporal variance of maturation, white
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matter also exhibits spatial variation with maturation first occurring centrally
and then peripherally, and from the occipital lobe to the frontal lobe [105]. The
myelin sheath that surrounds the axons of the white matter provides insulation
that enhances the speed at which signals are transmitted by the fibers. Degree
of myelination provides the basis for many measures of structural integrity and
the spatial arrangement of myelin sheaths provides a basis for elucidating fiber
orientation.
Gall and Spurzheim [104] were the first to establish that white matter consists
of individual fibers that are grouped into tracts that provide a biological con-
nection between cortical gray matter regions. The myelin sheath that surrounds
axons was first described by Thomas Schwann [199], but the term ‘myelin’ itself
was introduced later by neuropathologist Rudolph Vircho [209]. Carl Weigert’s
development of a histological stain for the identification of myelin was critical to
advancing the study of white matter and is still is use today [199]. Further work in
histological staining techniques by Camillo Golgi provided the ability to visualize
entire nerve cells, including the dendritic tree [115]. This technique was employed
extensively by Santiago Ramón y Cajal to study nerve cells in the brain and spinal
cord [111]. The work of Paul Flechsig (1847-1929) greatly advanced knowledge
regarding white matter as he was the first to observe that myelination during de-
velopment varied based upon anatomical location and he also introduced Flechsig’s
rule, stating that cortical sensory areas are not directly connected with each other,
but rather connect to adjacent association cortices [93], a concept that profoundly
influenced modern neuroscientific concepts related to cortical localization. The
development of horseradish peroxidase (HRP) tract-tracing allowed for the precise
ex-vivo identification of neural pathways [206]. More recently, magnetic resonance
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imaging (MRI) has allowed for routine imaging of gray and white matter and these
methods are discussed in more detail in chapter 2.
1.2.2 Functional Connectivity
The functional organization of the brain seems to observe two guiding principles:
functional segregation and functional integration [280]. Functional segregation
refers to the organization and grouping of functionally specialized neurons into
spatially distinct cortical brain regions. However, in order to perform complex
tasks it is necessary for several functionally segregated and anatomically distinct
regions to work together and form functional networks under a concept known
as functional integration. Further understanding of brain function requires not
only knowledge about the functional topography of the brain but also the complex
processes by which these regions interact. Functional segregation and integration
are both central to the study of functional connectivity. Functional connectivity
has been referred to as an ‘elusive concept’ due to the large variety of definitions,
modalities and methods that have been described using this term [140]. Here we
will reserve the term ‘functional connectivity’ to refer to statistical paradigms that
identify temporally coordinated activity in spatially distinct units [241].
Early work examining Gall’s theory of functional segregation focused upon cor-
tical lesion studies. In particular, the work of Paul Broca (1824 - 1880) provided
evidence for the localization and lateralization of language processing through post-
mortem autopsy of patients who had been able to pronounce individual words but
were unable to produce grammatically correct sentences, a condition later named
“Broca’s aphasia.” Further work in the language system by Karl Wernicke (1848 -
1905) recognized that not all language deficits resulted from lesions in the cortical
8
region identified by Broca. Through lesion analyses, Wernicke identified a corti-
cal region that when damaged prevented subjects from comprehending language.
The proposal that multiple functionally specific cortical regions work together to
perform complex tasks is the basis of functional integration. Additionally, this
proposal predicted the importance of structural connectivity as it recognized the
critical role of the biological connections between functional regions. Norman
Geschwind (1926 - 1984) expanded upon Wernicke’s model of the language net-
work and theorized the existence of a parallel pathway connecting Broca’s and
Wernicke’s areas that incorporates an additional cortical region. More recently,
additional evidence for functional segregation has been provided by a variety of
techniques including positron emission tomography (PET) [316], electrophysiol-
ogy [108] and functional MRI (fMRI) [141]. Neuroimaging continues to be used
extensively to study functional integration and functional connectivity [264] and
these methods are discussed in more detail in chapter 2.
1.3 Introduction to the dissertation
Here we present novel approaches for examining connectivity in the brain. We
focus on connectivity at the macro scale and how it may be studied with MRI.
To this end, we use diffusion tensor MRI along with fiber tractography to ex-
tract anatomical and structural information from white matter fiber bundles. We
demonstrate the ability of these methods to identify both local and gross white
matter properties. Atlas-based techniques are used to define geometric models of
white matter fiber pathways. These models are used to identify the white matter
fiber tracts that provide the anatomical connectivity that provides communica-
tion between the nodes of a functional network defined using fMRI. Measures of
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structural and functional connectivity are related to cognitive performance in a
language-based decision making task and in aging.
Chapter 2 presents background on methods for using neuroimaging to study
connectivity in the human brain. Chapter 3 focuses on the use of fiber tractography
to examine an a priori functionally-based hypothesis regarding localized structural
differences in a population of subjects whom have suffered a traumatic brain in-
jury (TBI). Chapter 4 describes an examination of both structural and functional
connectivity in a healthy young adult population and relates these measures to
cognitive performance. In chapter 5 we discuss a study of lateralization in the
brain and examine the influence of aging on both structure and function. Finally,
in chapter 6, we discuss the findings described in this dissertation and interesting
questions to be investigated in the future.
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Chapter 2
Background: Neuroimaging for
the Examination of Anatomy,
Structure and Function in the
Human Brain
The modern development of methods for in-vivo imaging of the human brain has
proven indispensable for understanding brain function and malfunction. While
techniques such as positron emission tomography (PET) provide the ability to im-
age brain activation, the significantly better spatio-temporal resolution provided
by magnetic resonance imaging (MRI) has made it the technique of choice for iden-
tifying anatomy in studies of both structure and function in the brain. Different
tissue types may be distinguished with MRI based upon the levels of hydrogen
that they contain. Because white matter contains a large amount of tissue, while
gray matter has many fluid-containing cell bodies, MRI is particularly good for
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distinguishing between these tissue types. The versatility of MRI has led to the
development of techniques to measure structure and function in the brain, provid-
ing a framework for examining the relationship between structural and functional
connectivity and their roles in modulating behavior.
2.1 Diffusion Tensor MRI
Of particular interest in this dissertation is the use of diffusion tensor MRI in the
examination of structural and anatomical connectivity. Diffusion tensor imaging
provides an in-vivo non-invasive measure of the local probability of self-motion of
water molecules and has proven useful in a number of applications for the study of
brain white matter [28]. The diffusion of water in white matter is highly anisotropic
due to cell walls and myelin which inhibit diffusion perpendicular to the fiber tracts
more so than diffusion parallel to the tracts. Both the shape and orientation of
the diffusion tensor provide important information regarding the structure of the
white matter. Scalar metrics derived from the diffusion tensor, such as fractional
anisotropy (FA) and mean diffusion (MD) are often used to quantify various tis-
sue properties. The structural information provided by the diffusion tensor has
been shown to be useful in a multitude of studies examining topics such as neu-
rodegenerative disorders, traumatic brain injury, development, and aging among
others [177, 273, 310].
2.1.1 Diffusion weighted MRI
The constant random motion of particles in liquids, known as Brownian motion,
provides a method for using MRI to measure the self-diffusion of water. As the
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particles move they collide with other particles and over time the path of any given
particle may be described by a random walk. In the presence of a concentration
gradient, a flux of the fluid is observed. If no concentration gradient is present it
becomes necessary to describe diffusion as the statistical probability that a particle
moved a certain distance in a given time. Einstein [85] showed that such a proba-
bility has a zero-mean Gaussian distribution with a variance that is proportional
to time:
< r2 >= 2NDt,
where r2 is the mean-squared displacement, D is the diffusion coefficient, t is time,
and N is the number of spatial dimensions over which distances are measured.
In the case of MRI, diffusion may only be measured in one direction at a time,
so N is equal to one. As spins in the presence of a magnetic field gradient diffuse,
they accumulate phase shifts, thus reducing the intensity of the MR signal. This
effect may be magnified with the use of stronger gradients, and may be accurately
measured with a spin-echo sequence such as the one illustrated in Figure 2.1 that
includes equal rectangular gradient pulses both before and after the refocusing
pulse. During the first pulse, spins acquire different phase shifts based upon their
location. If the spins remain stationary, then these phase shifts are reversed during
the second pulse. Spins that diffuse will acquire a net phase shift resulting in a
signal attenuation, A, that is proportional to the diffusion coefficient, D, according
to
A = e−bD (2.1)
where b is the ’b-factor’, a quantity characterized by the amplitude, shape, and
timing of the magnetic field gradient used for acquisition.
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Figure 2.1: An example diagram of a Stejskal-Tanner pulse gradient spin echo ex-
periment used to measure diffusion (adapted from [37]). For further explanation on
understanding pulse sequence diagrams, please see [126].
2.1.2 Measuring the diffusion tensor
In the case of isotropic tissue, diffusion may be described by a single scalar param-
eter, the diffusion coefficient. However, tissue such as white matter is anisotropic
and in order to more fully characterize the diffusion it is necessary to use a tensor
which describes diffusion along each direction and the correlations between these
directions [179]. Mathematically, a symmetric, second order tensor, D, is used to
describe the three dimensional self-diffusion of water within a volume:
D =

Dxx Dxy Dxz
Dyx Dyy Dyz
Dzx Dzy Dzz

The principle directions of diffusivity may be used to define a reference frame
[x′, y′, z′] . In this case, the diagonal terms of the tensor, Dx′x′ , Dy′y′ , Dz′z′ , may be
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used to represent diffusion along [x′, y′, z′] and the attenuation becomes
A = e−bx′x′Dx′x′−by′y′Dy′y′−bz′z′Dz′z′ (2.2)
where bii are elements of the b matrix which expresses the b-factors for the direc-
tions in the reference frame. However, measurements are actually made in a frame
of reference [x, y, z] defined by the scanner. This makes it necessary to incorporate
the non-diagonal elements of the b matrix in order to incorporate the correlation
of diffusion in perpendicular directions, leading to
A = e−
∑
i=x,y,z
∑
i=x,y,z bijDij (2.3)
Because the diffusion tensor is symmetric, Dij = Dji, the attenuation may also be
written as
A = e−bxxDxx−byyDyy−bzzDzz−2bxyDxy−2bxzDxz−2byzDyz (2.4)
In order to determine the diffusion tensor it is necessary to obtain six or more
measures of attenuation, which requires a minimum of six diffusion weighted images
and one non-diffusion weighted image.
The eigensystem of D consists of three eigenvectors, e1, e2, e3 and their corre-
sponding eigenvalues λ1 ≥ λ2 ≥ λ3. The eigenvectors describe the principal axes of
diffusion, and the eigenvalues are proportional to the mean squared displacements
along the corresponding eigenvector. The values may be used to define visualiza-
tion of tensor such as ellipsoids with orientation determined by eigenvectors and
size determined by eigenvalues. The mapping of the components of e1 into an
RGB-color space is known as a directionally encoded color (DEC) map [224], an
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example is shown in figure 2.3.
In tissue, the diffusion of water may be anisotropic, i.e. it may vary with direc-
tion, due to the presence of obstacles that limit molecular movement. The axons
of white matter are insulated with a fatty protein called myelin which improves the
efficiency of signals that travel along the axon 2.2. In fibrous tissue, such as white
matter, the arrangement of nerve fibers into bundles results in a bias in which
diffusion parallel to the fibers is often 3-6 times faster than diffusion perpendicular
to the fiber bundle [178] due to the restriction of water diffusion caused by myelin
and the cell walls of the axons. This ability to estimate fiber bundle orientation
within a voxel led to the field of fiber tractography.
Figure 2.2: Diagram of a neuron with a myelinated axon (adapted from wikipedia).
2.1.3 Fiber tractography
A great deal of research focused upon methods for fiber tractography which use the
fiber orientation information provided by the diffusion tensor to estimate trajecto-
ries of white matter projections throughout the brain. Tractography may provide
a framework for identifying anatomical connections and studying the structural
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a) b)
Figure 2.3: Properties of the diffusion tensor may be used to create images for vi-
sualization: a) fractional anisotropy measures how directionally-specific the diffusion of
water is within a given voxel; b) directionally encoded colormaps may be calculated
from the primary direction of diffusion, seen here as a color overlay on an anatomical
MR image.
properties of the underlying white matter. Tractography methods can be grouped
into 3 categories: deterministic, probabilistic, and energy-minimizing.
Deterministic tractography
Deterministic tractography methods use a starting seed point, and then the direc-
tion information provided by the diffusion tensor is used to trace fiber trajectories
until the end of a fiber bundle is reached [29, 212]. These trajectories are referred
to as streamlines. Due to the limited spatial resolution of DTI, streamlines repre-
sent estimated pathways of large bundles of fibers and do not correspond to the
trajectories of individual axons. Methods for deterministic tractography typically
differ in the details of the methods used to infer fiber direction from the underly-
ing tensor field. Approaches include following e1 from voxel to voxel [210], linear
interpolation of e1 combined with a fixed step-size [61], linear interpolation with
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adaptive step-size using the Runge-Kutta method [29, 275], and methods that in-
corporate a momentum term to account for previous steps [175]. To determine
when the end of a fiber bundle has been reached, various stopping conditions are
used, such as FA thresholds [61], local curvature thresholds [29], and measures of
local orientation dispersion [210]
All deterministic methods suffer from error propagation resulting from noise in
the DTI signal [29]. The extent of the error varies with the geometry of the fiber
bundle, the anisotropy in the white matter, the resolution of the data, and the
interpolation method [190]. Deterministic methods may fail when a single voxel
contains fibers from two or more distinct populations including fibers that cross,
“kiss”, branch or merge [29]. One approach to avoiding false-negative connections
incorporates brute-force seed selection and is known as whole-brain tractography
(illustrated in figure 2.4). In this approach, all points in the brain are used as
seeds for fiber tractography [61]. A lack of confidence measures for streamlines
makes the automatic identification of spurious streamlines difficult. The use of
user defined landmarks may reduce this problem but is time intensive and requires
existing knowledge of neuroanatomy [213, 294, 293].
Probabilistic tractography
Probabilistic tractography methods use the fiber orientation measurements pro-
vided by diffusion weighted MRI to estimate the likelihood of a connection be-
tween two points. This likelihood is the integral of all possible paths that connect
two points and is solved analytically by generating a set of “probabilistic stream-
lines”. At each point in the image, a local probability density function (PDF) of
orientation is defined. A probabilistic streamline is traced by drawing a sample
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a) b) c)
Figure 2.4: Whole-brain tractography uses all points in the white matter as seeds
for fiber tracking. Results in an individual subject are illustrated here with a) axial b)
coronal and c) sagittal views.
orientation from the PDF at each point and advancing by a small step along that
direction. As with deterministic tractography, this advancement continues until a
stopping criteria determines that the end of the fiber bundle has been reached. A
final measure of connectivity between two points is then determined by calculat-
ing the probabilistic index of connectivity (PICo), a quantity that was introduced
independently by Parker et al. [225] and Lazar and Alexander [175]. Approaches
to probabilistic tractography differ in the approach to estimating the PDF and
include model-based approaches [225, 175] and a Bayesian approach [37].
Model-based approaches to estimating the PDF are limited by the sources
of uncertainty that may be included in the model. Uncertainty resulting from
patient motion and eddy-current distortion are not included in the estimates of
uncertainty. Additionally, these methods assume a Gaussian diffusion of water
which is not necessarily the case. Probabilistic tractography methods are also
sensitive to seed selection. Because a large number of streamlines are calculated
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for each seed (typically near 10,000) the whole-brain approach used in deterministic
tractography may not be a practical option for examining human data.
Energy-minimizing tractography
Energy-minimizing tractography approaches may be grouped into two categories,
fast-marching and simulated annealing. Fast-marching methods rely upon level-set
theory and the fast-marching algorithm. From a given seed point, the speed and
direction of a propagation front are defined from local tensor properties. The use
of local properties means that the propagation of the front will vary in different
regions of the brain. Time-of-arrival maps are then determined for the whole brain
and used to estimate the likelihood of a connection between a seed and any given
point in the brain. These methods differ in the details of how the tensor data is
used to define a speed and direction of the propagation front. Parker et al. [226]
relied upon e1 while O’Donnell et al. [217] incorporated the whole diffusion-tensor.
The simulated annealing approach considers two points, and attempts to identify
the most favorable path that connects these points. Local energies at points along a
potential path are determined based upon geometric properties of the path (short,
straighter paths are generally preferred) and upon agreement between the direction
of the path and the orientation of the underlying tensor field. Energy-minimizing
methods differ in the details of how a local energy is determined [283, 282]. Energy-
minimizing approaches rely upon a priori knowledge of anatomy as they require
the selection of two end points to examine. False-positive connections are also a
problem as these methods are guaranteed to fine some level of connectivity between
any two points, even when that connection is not anatomically feasible. While
these methods present potential solutions to the problems caused by fiber crossing
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and branching, little has been done to evaluate the methods or demonstrate their
performance in clinical data.
2.2 Functional MRI
Brain activation may be mapped with MRI by exploiting the interrelationship
between physiological function, energy metabolism and localized blood supply.
In particular, the blood-oxygenation-level-dependent (BOLD) contrast mechanism
first demonstrated by Ogawa, et al. [220], has been employed extensively due to its
high sensitivity and accessibility. The BOLD contrast results from gradient echo
techniques that accentuate the susceptibility effects of deoxyhemoglobin (dHb) in
the venous blood and thus reflects the blood oxygen level. While increased neural
activity should result in a decreased BOLD signal due to field inhomogeneities
caused by dHb, brain activation causes an increased BOLD signal due to increased
cerebral blood flow that is not balanced by a commensurate increase in oxygen
consumption rate [96] thus resulting in lower dHb content per volume of tissue.
Additional research has revealed the BOLD contrast to be the complex result
controlled by many parameters. Despite this complexity, the BOLD signal has
been successfully used in hundreds of studies of human brain as well as a large
number of animal studies.
2.2.1 Functional connectivity
The use of BOLD fMRI for mapping human brain function has seen widespread
use for the past two decades. While earlier research focused upon the identi-
fication of activated brain regions, more recently increased attention has been
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Figure 2.5: BOLD fMRI may be used to infer functional activation. Here, the BOLD
signal is displayed as a color overlay on an anatomical MR image in an individual subject.
paid to the examination of the interactions and coordination between different
parts of the brain [95, 121, 215]. Specifically, studies of functional connectivity
seek to identify ‘temporal correlations between spatially remote neurophysiological
events’ [97, 181]. Here we focus on methods for the study of functional connectivity
related to neurophysiological events as opposed to methods designed to examine
resting state functional connectivity. These methods may be grouped into two cat-
egories, model-based methods that incorporate a priori knowledge and data-driven
methods that do not require any prior knowledge.
Model-based functional connectivity
Model-based methods generally rely upon seed regions that are defined using prior
neuroanatomical knowledge. A metric of similarity is defined in order to generate
connectivity maps and a number of metrics have been proposed. Cross-correlation
analysis (CCA) has been used extensively since its introduction for use in functional
connectivity by Cao and Worsley [53]. This method measures correlations in the
fMRI time-signals and may include the entire time-course or only time points that
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correspond to a stimulus of interest. Additionally, CCA may examine correlations
at different time lags, though many studies only examine the zero lag scenario.
CCA is susceptible to artifacts caused by cardiac activity and blood vessel activ-
ity that may result in false-positive identification of correlations [98]. Coherence
analysis was introduced by Sun et al. [270] to try to address these shortcomings.
Coherence analysis is the spectral representation of correlation in the frequency
domain, a conversion that provides a natural framework for comparing time sig-
nals. The requirement of seed-selection limits these studies to the examination of
cortical regions that have been selected via prior knowledge and prevents studies
that fully explore functional connectivity throughout the brain [192].
Data-driven functional connectivity
To overcome the need for prior anatomical knowledge that is required for model-
based techniques, data-driven techniques were developed, allowing for explorative
studies of whole brain functional connectivity. Principle component analysis (PCA)
is a widely used technique and was introduced for functional connectivity analysis
by Friston et al. [97]. In PCA, the fMRI time-signals are represented by orthogo-
nal contributors in order to identify the vectors that most contribute to variance.
These methods have trouble identifying functional connectivity in the presence of
physiological noise [34] and are often used as a precursor to independent compo-
nent analysis (ICA). ICA is similar to PCA but identifies components that are as
statistically independent as possible [146] and was introduced into use for func-
tional connectivity by McKeown et al. [201]. Despite the wide use of ICA methods,
there are still no clear guidelines indicating when the data should be decomposed
into spatially or temporally independent components. Both ICA and PCA provide
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connectivity maps, but the question of how to appropriately threshold these maps
is still an open issue [192].
2.3 Early neuroimaging studies of brain connec-
tivity
Extensive progress in neuroimage analysis techniques has resulted in a variety
of approaches to examining connectivity in the brain. At the most fundamental
level, these techniques are typically categorized into either studies of structural
connectivity, functional connectivity, or combined studies of both. Here we provide
a review of techniques in each of these categories that are relevant to the work
presented here.
2.3.1 Structural connectivity
The study of structural connectivity typically focuses upon the examination of the
myelinated axons that makeup white matter. Changes within white matter prop-
erties play an crucial role in brain aging [1, 9, 27, 169, 242, 243, 295, 306, 300]. Ad-
ditionally, the structural integrity of white matter has been shown to influence cog-
nitive function in both health [305, 154, 284, 134, 94] and disease [71, 69, 299, 84].
Measures of structural connectivity may be inferred by measuring the size of white
matter structures, an approach that has been used extensively to study the mid-
sagittal cross-section of the corpus callosum [304, 60, 123]. Volumetric analysis
of white matter fiber tracts has been interpreted as a measure of structural in-
tegrity [242] and has been used to examine hemispheric asymmetry [54, 231]. How-
ever, a detailed characterization of the relationship between white matter anatomy
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and microstructure is still lacking for both health and disease and is an active topic
of research. In middle-age, FA has been shown to be more sensitive than white
matter volume to changes in white matter integrity, likely due to myelin reduction
with increasing age [92]. Additionally, the finding of a weak correlation between
FA and white matter volume suggests that these metrics are sensitive to different
characteristics of white matter [92]. Correlations have been found between FA and
voxel-based morphometry in select fiber tracts such as the corpus callosum and
corona radiata [144]. However an aging study examining FA and white matter
volume found that FA correlated negatively with age, but white matter volume
did not correlate with age [1]. These results suggest that while anatomical based
measures and microstuctural based measures of white matter integrity are related,
they are complementary and each provides a unique window onto the complex
nature of white matter integrity.
A great deal of research into structural connectivity has focused upon methods
that incorporate fiber tractography. Identifying the cortical regions to which these
fiber bundles extend provides the ability to examine the topography of specific
white matter pathways [38]. A typical use of fiber tractography is for defining
a region-of-interest by labeling all voxels that contain fibers for the tract of in-
terest and then performing standard ROI analysis. Work exploring the use of
fiber-tract oriented statistics presents methods for examining tract-features over
the length of tracts [156, 64, 193, 186, 218, 68, 116, 33], but the identification of
appropriate metrics and methods for statistical comparison is still an open issue.
The use of template, or representative, fibers is an active topic of research and is
sometimes referred to as tract-based morphometry [219], but there currently exists
little consensus regarding the ”best-practices” for this type of study. Despite the
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large number of methods available for estimating white matter trajectories, little
has been done to rigorously characterize the differences between these methods or
define the hypotheses for which they are appropriate, although a study of repro-
ducibility in tract-based studies suggests that the reliability of fiber tractography
methods is of central importance to tract-based studies [58].
The use of DTI in tract-based studies has received much attention recently [64,
74, 156, 89]. Two methods for anatomical-based probing of local FA, the tract-
based spatial statistics (TBSS) method [260] and tract-specific analysis (TSA) [315],
have proven to be particularly useful in whole-brain analysis of FA. TBSS pioneered
the use of atlas-derived skeletons that are used to reduce dimensionality by pro-
jecting local white matter features onto the skeleton [260]. TBSS has been used
extensively for whole-brain voxel-wise analysis [169, 261, 10, 257, 244], but the
skeletonization approach does not account for the wide-spread connectivity that
may be assessed with DTI and lacks anatomical specificity [317]. TSA takes a
similar approach to TBSS, but focuses on the analysis of sheet-like white matter
structures and uses a 2D parameterization to achieve a reduction of dimension-
ality [315]. Additionally, TSA provides models of specific white matter tracts al-
lowing for studies that seek to examine an a priori hypothesis regarding structural
connectivity [317]. While TSA provides a framework for tract-specific analyses,
its implementation only provides the ability to examine six predefined fiber tracts.
It is often desirable to examine subcomponents of large fiber tracts (e.g. corpus
callosum), defined by connectivity to localized cortical regions, and neither TBSS
nor TSA address this concern.
Recently, a number of studies have sought to use DTI to measure whole brain
structural connectivity in the context of a graph-based analysis [138, 127, 128, 265,
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148]. Many of these studies have relied upon measures such as ”fiber counts” and
fiber length to estimate structural connectivity. These types of metrics are known
to be unreliable due to bias resulting from total brain volume, differences in size
between regions of the brain, noise, and partial voluming [64]. Additionally, they
fail to incorporate the geometric features provided by the tract model as well as
neglecting to incorporate the biophysical properties of the tissues that compromise
these fiber pathways. The use of metrics for structural connectivity that leverage
the anatomic framework provided by tractography to probe underlying tissue ar-
chitecture may provide more relevant insight regarding the physical integrity of
cortical connections.
2.3.2 Combined structural and functional connectivity stud-
ies
Current views in neuroscience suggest that different brain regions organize into
large-scale neural networks in order to achieve complex cognitive functioning for
vision, attention, memory, language and motor planning [241]. As described earlier,
much of the work examining these networks focuses on either structure or function.
While both are essential for a more complete understanding of the brain, when
used alone each suffers from an incomplete model. Combined analysis of both
functional and structural connectivity provides a system in which each type of
connectivity may guide the other, leading to a more reliable and concise depiction
of brain connectivity. Here we discuss current approaches to the study of combined
connectivity.
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Qualitative comparison
In this approach, both structural and functional data are acquired in the same pa-
tient, analyzed independently, and then qualitatively compared. These studies use
DTI to examine anatomical or structural connectivity and fMRI to examine func-
tional connectivity. Studies that employ this approach seek to identify converging
evidence of structural and functional organization [151, 166, 214, 255, 296]. These
studies often take an approach similar to that of Wieshmann et al. [303] where DTI
is used to identify a white matter region exhibiting reduced integrity and fMRI
shows no activation in the cortical region to which the damaged white matter
connects. Because this strategy delays the combination of connectivity until the
discussion of the results, it lacks an underlying framework for combined analysis
and is of limited utility.
Superimposition
Here, the structural and functional data for a subject are mapped into a common
space via techniques for image registration. From the common space, overlays
are created from both structural and functional data for subsequent visual analy-
sis [39, 42, 133, 173, 203, 221, 227, 236, 253]. By mapping the data into a common
space these methods provide an enhanced method for interpretation but still fail to
quantitatively leverage the multi-modal connectivity information that is obtained.
One reason is that the structural connectivity is primarily related to white matter
while functional connectivity is primarily related to gray matter. Additionally,
these methods have relied upon deterministic fiber tractography methods that are
highly biased toward major myelinated pathways and may fail to recognize path-
ways that are less myelinated, such as u-fibers, thus providing results that neglect
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the role of the short-range associative fibers. The dependence upon visual analysis
leaves the interpretation susceptible to imperfect visualization methods.
Statistical models of connectivity
Methods that utilize a quantitative model for modality integration hold the most
potential for obtaining informative results. One advantage is their ability to take
the large amount of information provided by the multiple measures of connectivity
and reduce it in order to summarize specific structural-functional relationships of
interest. A typical approach is to use the functional regions of activation provided
by fMRI to provide a set of seeds points to DTI on which fiber tractography is
performed [76, 125, 153, 163, 165, 250]. Alternatively, directly examining corre-
lations between structure and function provides a powerful form of analysis that
facilitates the incorporation of additional information such as measures of cognitive
performance, behavioral data or age [24, 194]. Studies have examined correlations
between FA and functional response to a task in a voxel-wise manner [230] as well
as averaged over regions of interest [281] to find positive correlations between level
of activation and FA. A study that included behavioral data found that work-
ing memory scores independently correlated with both FA and BOLD response in
children [222]
The use of graph-based network analysis techniques provides a natural, and
increasingly popular, framework for examining connectivity in the brain [128, 148,
149, 127, 137, 2]. The vertices of the graph correspond to functionally related
sets of neurons while the edges correspond to the physical connection or statistical
dependencies between these nodes. Early work used this concept to study resting
state functional connectivity but recently a great deal of work has focused upon
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incorporating both structural and functional connectivity into a common network
for analysis [297, 298, 303, 138, 48, 168, 258]. Vertices may interact via multiple
connections with variable length or weights assigned to them as well as through
indirect paths that pass through other vertices. This representation provides a mul-
titude of methods for examining the data such as clustering, path lengths, vertex
degree and strength and many others [286]. This framework additionally provides
a natural basis for examination at multiple scales which is especially useful as it
allows for connectivity analysis that corresponds to the existing anatomical hierar-
chy of brain anatomy (figure 1.1). Recent work examining brain connectivity in the
context of network analysis suggests a small-world topolgy with clusters of densely
connected nodes and sparse long-range connections between these clusters [31],
a finding that supports the concept that the brain is arranged into functionally
specific neural networks.
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Chapter 3
Multivariate Analysis of
Thalamo-Cortical Structural
Connectivity Loss in TBI
This chapter presents work that was presented at the Computer Vision and Pattern
Recognition workshop on Mathematical Methods in Biomedical Image Analysis
2008, Anchorage, AK [80]. The technical aspects of the multivariate registration
were completed in collaboration with Brian Avants and are discussed in greater
detail in two works on which I am second author, a manuscript that appeared in
Academic Radiology [22] and work presented at the 10th International Conference
on Medical Image Computing and Computer Assisted Intervention 2007, Brisbane,
Australia [21]. Diffusion tensor images (DTI) quantify connectivity patterns in the
brain while the T1 modality provides high-resolution images of tissue interfaces.
Our objective was to use both modalities to build subject-specific, quantitative
models of fiber connections in order to discover effects specific to a neural system.
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The health of the thalamo-cortical network is compromised by traumatic brain
injury, and we hypothesized that these effects are due to a primary injury to the
thalamus which results in subsequent compromise of radiating fibers. We first used
a population-specific average T1 and DTI template to label the thalamus and Brod-
mann areas (BA) 9,10 and 11 in each subject. We also built an expected connection
model within this template space that was transferred to subject-space in order to
provide a prior restriction on probabilistic tracking performed in subject space. We
evaluated the effect of traumatic brain injury on this prefrontal-thalamus network
by quantifying, in 10 subjects and 8 controls, the mean diffusion and fractional
anisotropy (FA) along fiber tracts, along with the mean diffusion within the thala-
mus and cortical regions. We contrasted results gained by a template-based tract
definition with those gained by performing analysis in the subject space. Both
approaches revealed structural connectivity effects of TBI, specifically a region of
reduced FA in the white matter connecting the thalamus to BA 10.
3.1 Introduction
Traumatic brain injury (TBI) is the most frequent cause of death and disability
in individuals ages 15 to 24 and is also prevalent in older adults [101]. TBI,
most commonly caused by automotive accidents and falls, occurs at a rate of
approximately 1 in 600 per year in the general population [101], whereas up to
10% of soldiers returning from Iraq may suffer from some form of TBI [136]. Even
mild TBI may lead to significant behavioral changes [172] and is very likely to be
under-reported, particularly by those who have experienced concussion [205, 57].
In consequence, up to 2% of individuals in the United States live with TBI-related
disability. Thus, focus on TBI as a public health concern is increasing, along with
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further development of sensitive tools for assessing axonal and cortical injury [172,
164], tracking recovery from these injuries [182] and predicting outcome [208, 256].
Traditional T1 imaging may be used to uncover in vivo effects of TBI in the cor-
tex and deep gray matter structures. Neuronal atrophy, from concussion, was de-
tected with T1 imaging and linked to ongoing depression [57], whereas TBI-related
reductions in gray matter concentration have also been correlated with attention
deficits [103]. Hippocampal volume may be reduced by TBI [279, 245], along with
the basal forebrain [245]. The thalamus appears to undergo injury during or after
TBI as assessed postmortem [118], through finite element models of TBI [205, 318]
and through large-deformation tensor-based morphometry of control and subject
populations [164]. An additional postmortem report has indicated involvement of
the mediodorsal thalamus, which has connections to the pre-frontal cortex [197].
This finding has also been validated at the cellular level through neuropathology [3]
and through histochemical staining and explicit neuronal counts [196]. TBI effects
in the hippocampus have also been verified neuropathologically [4].
Despite the value of T1 imaging for examining cortical atrophy, increasing ev-
idence suggests that traditional magnetic resonance imaging has limited ability to
detect TBI-related damage outside the cortex or deep gray matter, where diffusion
tensor imaging (DTI) may be more valuable [4, 36, 75, 180]. During TBI, accel-
eration of the head results in mechanical forces that compress frontal regions and
stretch posterior regions [35]. These forces result in microstructural damage to
brain tissue, known as diffuse axonal injury (DAI). Immediately after TBI, the mi-
crostructural effects of DAI manifest as disruptions in the cytoskeletal network and
axonal membranes [13, 41, 188]. This results in the formation of axonal ‘retraction
balls’ which are thought to be a consequence of axoplasm accumulation [49]. This
33
is followed by axonal disconnection. Pathological examinations of DAI have sug-
gested that small hemorrhages often accompany DAI [248]. Changes in diffusion
are hypothesized to relate to axonal swelling in TBI [36] or myelin loss [262]. Thus,
DTI is emerging as the preferred mechanism for revealing traumatic axonal injury
through a variety of diffusion-related measures.
Studies have analyzed DTI-based metrics to show that TBI leads to strong
effects in the corpus callosum [183, 86, 131, 147, 216, 310, 174, 187, 208, 240, 256,
274, 291], which may imply a disruption of brain connectivity [268, 176]. Brain
regions related to motor function are also affected [180, 311], but may also recover
over time [129]. White matter pathology caused by TBI may also appear in a
number of fascicles and may lead to cognitive deficits [172]. A few studies have
suggested that mean diffusion changes may imply cortical injury or pathology [11,
161, 56]. Increases in mean diffusion from mild cognitive impairment (MCI) have
been directly related to reductions in cognitive performance [235]. Only two DTI
studies have shown evidence of thalamic injury [246, 22], despite the ability of
DTI imaging to detect the subdivisions of thalamus into its nuclei [78, 302]. Such
divisions are not visible in T1.
Major depressive disorder (MDD) often results from mild TBI and negatively
impacts psychosocial function and cognitive performance [87, 88, 158]. Post-TBI
major depression inhibits recovery [117, 159] and, while variable, may occur in
as many as 77% of patients [8, 17, 70, 159, 288]. Evidence has linked structural
changes in the prefrontal cortex to both TBI [158] and depression [170]. Addi-
tionally, structural changes in the thalamus have also been linked to TBI [118]
and depression [314]. The functional links between depression and TBI and the
implication of structural changes in the prefrontal cortex and thalamus in both
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disorders, suggests the possible influence of DAI in the thalamo-cortical network.
Here we used a multivariate atlas to identify the prefrontal components of the
thalamo-cortical network in order to examine the structural properties of the pre-
frontal cortex, the thalamus, and the white matter projections that connect them.
3.2 Materials and Methods
Our approach extended previous DTI and T1-based studies by building an explicit
multivariate model of an important network that connects the limbic thalamus
with the frontal lobes responsible for executive function, planning and motiva-
tion [66]. This model was used to identify the particular cortical regions to which
thalamic connections are compromised. The use of a multivariate image normal-
ization method provided a population specific atlas. The DTI component of the
atlas was used for fiber tractography. Tracts between the thalamus and three sub-
regions of the frontal cortex were identified and used to create model connection
paths. These models were transformed to each individual where probabilistic trac-
tography was performed. The models were then used as a prior for examining the
individual’s tractography to obtain a subject-specific connection with a common
frame-of-reference that facilitates inter-subject comparison of FA and MD. The
MD in the cortex and thalamus was also examined in order to gain insight into
system-wide effects of TBI. This process is outlined in figure 3.1.
3.2.1 Cohort and Image Dataset
The data was collected as part of a larger study investigating the neural correlates
of attention deficits and treatment responses of various psychoactive drugs in the
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Figure 3.1: A overview of the steps required in the processing for the population
analysis of structure and connectivity.
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survivors of TBI. Our cohort included 10 individuals with TBI and 8 healthy
controls. The 10 subjects with TBI included 6 men and 4 women aged between 21
and 59 years (mean age = 35.0, SD = 12.1) with a mean education of 13.3 years
(SD = 1.7). Control participants included 5 men and 3 women aged between 23
and 46 years (mean age = 36.2, SD = 8.8) with a mean education of 14.5 years
(SD = 2.0). The two groups did not differ significantly in terms of age, gender,
ethnicity, handedness or years of education (tested with t-test or Fisher’s exact
test, as appropriate).
Imaging parameters
DT images were collected with a single-shot, spin-echo, diffusion-weighted echo-
planar imaging (EPI) sequence and a GRAPPA parallel imaging acquisition. The
diffusion sampling scheme consisted of one image without diffusion gradients (b
= 0 s/mm2), followed by 30 non-collinear and non-coplanar diffusion encoding
directions isotropically distributed in space (b = 1000 s/mm2). Additional imag-
ing parameters were: TR = 7300ms, TE = 91ms, number of averages = 1, and
1.875 mm2 in-plane and 2mm out-of-plane resolution. High resolution T1-weighted
anatomic images were obtained using 3D MPRAGE imaging sequence and the fol-
lowing acquisition parameters: TR = 1620 ms, TI = 950 ms, TE = 3 ms, flip angle
= 15 degrees, 160 contiguous slices of 1.0 mm thickness, FOV = 192 × 256 mm2,
matrix = 192 × 256, 1NEX with a scan time of 6 min. The resulting voxel size
was 1 mm3. All T1 images were skull-stripped by using symmetric normalization
(SyN) [22] to map a brain mask from a template to each individual image.
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3.2.2 Normalization
First an intra-subject, small deformation registration is performed with SyN, a uni-
variate version of symmetric normalization of multivariate neuroanatomy (SyNMN),
between each subject’s T1 and FA images in order to correct for potential misalign-
ment and distortion. The use of symmetric normalization techniques is particularly
useful when working with both images and fiber tractography. Image data is typ-
ically warped “backward” while point-based objects such as fibers are more easily
warped “forward” using the inverse transform. Utilizing a method that inherently
provides this symmetric mapping eliminates the need for ad hoc approaches for
guaranteeing the invertibility of the transforms. The normalization provided by
SyNMN minimizes an energy function consisting of an image similarity term, Dsim,
and a transformation metric distance term, Dshape, within the space of diffeomor-
phisms. This produces a series of maps, φ(x, t), that smoothly deform image I
into the space of image J and, at the end point, φ(x, 1.0), minimizes the following
energy,
D2shape(φ(x, 0), φ(x, 1)) +Dsim(φ(x, 1), I, J) (3.1)
In order to examine both T1 and DTI simultaneously, Dsim is the weighted
sum of two terms:
Dsim(I, J, φ) = ω1(x)MI(IT1(φ1), JT1(φ2)) +
ω2(x)‖(IDT (φ1)− JDT (φ2))‖2DV (3.2)
where MI is the mutual information and ‖(D1 − D2))‖DV is the deviatoric Eu-
clidean distance between two diffusion tensors [6]. Spatially varying weights are
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Figure 3.2: Triplanar view of the combined T1 and DTI template provided by SyNMN.
The directionally-encoded color map obtained from the principal direction of diffusion
in the DTI data provides an overlay to the T1 data.
chosen to emphasize the tensor data in areas where the FA is high and prioritize
the T1 data elsewhere. Additionally, it is desired that the weighting function be
smooth. The first term of the weighting is given as ω1 = Gσ ? (1.0−FA(x)) where
FA(x) is the 0.25 thresholded FA image and Gσ is a Gaussian smoothing kernel
operating on the weight function. The weights are constrained to sum to one so
ω2 = 1.0 − ω1. The gradients of these terms are used to determine a mapping
between any individual and a template using a standard multi-resolution gradient
descent strategy. At each iteration, the DTI components are interpolated in the
log Euclidean space and reoriented using the preservation of principal direction
formulation [7]. Figure 3.2 illustrates the template provided by this technique.
To examine the structural integrity of the cortical regions and thalamus, MD is
examined at each point with a Student’s t-test. We only consider results with an
FDR-corrected p-value < 0.02 and with a cluster size of at least 15 voxels.
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3.2.3 Connectivity Model
In order to exploit both the tissue interface information provided by T1 data and
the tissue architectural information provided by DTI, a normalization technique
known as SyNMN was used to create a population-specific template [21]. The use
of a multivariate template is particularly useful when examining both gray and
white matter properties as no single modality is ideal for examining both tissue
types. The T1 component of the template allowed for the accurate identification
of BA’s as well as the thalamus. The DTI component provided the white matter
orientation information that was essential to elucidating the connective pathways
between structures.
Recently, a number of studies have examined methods for using cortical atlases
to label DTI generated fiber tracts according to their corresponding cortical re-
gions. This concept has been used to develop connectivity based segmentations
of structures such as the thalamus [40] and, more extensively, the corpus callo-
sum [267, 143, 135]. Here a similar approach was used to label fibers but with
the goal of developing a model of thalamo-cortical connectivity in the prefrontal
lobe. To provide a framework for labeling fiber tracts by their associated cortical
regions, the Brodmann area (BA) labels provided with the MNI atlas included as
part the MRIcro package [239] were transformed into the atlas space by using SyN
on the T1 component of the atlas. The FAST image segmentation package [319]
was used to segment the T1 component of the template. All labeled voxels that
were more than 5mm distant from the outer boundary of the gray matter were
excluded. An expert-knowledge guided manual segmentation of the thalamus was
performed in the template using both T1 and DTI data.
The DTI component of the template provided a smooth tensor field that was
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well suited for identifying white matter tracts that are often difficult to track re-
liably in subject data due to noise. Large bundles of fibers were found for each
thalamus to BA connection and were used to determine a model tract for each con-
nection. Whole-brain deterministic tractography was performed using the Camino
Toolkit [62] where all voxels with an FA greater than 0.15 were used as seed points.
A constant step size of 0.3 mm was used along with linear interpolation of the prin-
cipal direction of diffusion vector field. Fibers were terminated when they entered
a voxel with FA less than 0.15 or when local curvature of a fiber exceeded 45
degrees. The segmentation of the thalamus and cortical regions allowed for the
extraction of fibers connecting these regions. For the purpose of this study, we
limited the fibers to those in the anterior thalamus radiata (ATR) which connect
the thalamus to BA’s 9,10, and 11.
DTI tractography methods are known to produce a number of false-positive
pathways. To exclude these, each fiber bundle was filtered to remove fibers of
excessive length as well as fibers whose cortical end points were distant from
the average end point location. The remaining fibers were then smoothed with
BSplines [285] and a curve matching algorithm examined local curvature prop-
erties [19] to identify corresponding locations on each fiber. A BSpline was fit
to the set of corresponding locations on all fibers to determine a final approxi-
mation of the white matter pathway. Finally, the curve matching algorithm was
used to match the corresponding models in each hemisphere to ensure a consistent
parameterization. The models are illustrated in figure 3.3.
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Figure 3.3: Thalamo-cortical connectivity models for the prefrontal lobe are created
using deterministic tractography in a subject-specific atlas. BA’s 9 (blue), 10 (purple)
and 11 (pink) are used to label the streamlines that connect each region to the tha-
lamus. Model connections are visualized as tubes with colors corresponding to their
cortical regions. The streamlines used to determine the model connections are shown
with complementary colors.
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3.2.4 Subject Specific Connectivity Models
Because the normalization method used does not explicitly match based upon the
connectivity between distant structures in the brain it was necessary to identify
these pathways in each individuals’ DTI data in order to evaluate the usefulness
of the template-generated model tracts. We warped the model tracts into subject
space and used them to search for similar tracts in the probabilistic tractography.
This provided a common frame-of-reference for inter-subject comparison while still
relying on the tractography obtained from each individual. The transform obtained
in the normalization process was used to warp the segmented thalamus and labeled
cortical regions in to each individual’s native DTI space. All points in the thalamus
were used as seed points for wild bootstrapping probabilistic tractography using
the Gaussian model of diffusion [155, 301]. From each seed point, 1000 fibers were
tracked and those that hit labeled cortical regions were retained and labeled.
Probabilistic tractography methods generate a very large number of tracks
which can make processing cumbersome and interpretation difficult. The model
tracts were warped into the subject space and served as a framework for deter-
mining subject specific model tracts from the probabilistic tractography results.
Within each labeled bundle of fibers the mean point-to-point distance between the
model tract and each probabilistic tract was used to initially prune the bundle
to include the N-closest fibers (N=200). Many of the probabilistic tracts only
contained partial segments that were within the specific pathway being examined.
This makes the whole-fiber curve matching technique used in the creation of the
models unsuitable for use on probabilistic fiber tracts. Instead a point-by-point
approach was taken to focus on local properties of the fiber tracts. At each point,
xm, in the model the closest point, xi on each of the N-closest fibers was found,
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Figure 3.4: The connectivity model (green) was warped into the subject space via the
transform provided by SyMNM. The results of probabilistic tractography (red) in the
individual were then used to adapt the model to the subject resulting in a model (blue)
that more closely represented the subject’s anatomy.
and a weighting was calculated via:
ωi = e
−|xm−xi|
σ (3.3)
The k-highest weights are selected and normalized to sum to one. Here we used
k = 40 and σ = 2.0. A BSpline was used to fit a curve to these weighted points.
Additionally, the points and their associated weights were used to calculate a log-
Euclidean average tensor at each point [15]. These average tensors were then used
to calculate tensor-derived scalars such as FA and MD. Figure 3.4 provides and
illustration of the results of the subject specific fitting.
The model tracts were defined in a smooth template space which could reduce
their utility in identifying focal differences. In order to evaluate the extent to which
this is true, we evaluated a population using both subject-space models and the
original model tracts. To do this, we used the model tracts, the template space
tractography, and each subject’s warped tensor data to determine an average tensor
at each point in the tract. When determining the k-closest points, the results of
the curve matching obtained in the creation of the model were used to limit the
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search to the set of corresponding points from each fiber. Otherwise, the process
was the same as that taken when using the subject specific tractography. Figure
3.5 provides an illustration of this technique in both subject-specific and template
space. By examining FA and MD along fibers in both the template models and
the the subject space models we hoped to gain further insight into each method’s
ability to identify differences in populations.
3.3 Results
To examine the structural integrity of the cortical regions and thalamus, MD was
examined at each point with a Student’s t-test. We only considered results with
an FDR-corrected p-value < 0.02 and with a cluster size of at least 15 voxels.
Compared to controls (N=8), TBI survivors (N=10) showed increased MD in the
mediodorsal nucleus of the thalamus (figure 3.6). Both the subject-specific and
template models were used to examine FA and MD along each connection using a
Student’s t-test at each point. We only considered results with an FDR corrected
p-value < 0.02 and with a 1-D cluster size of at least 5. Figure 3.7 shows the FA
differences in the connectivity models of the ATR between control and individuals
with TBI as determined by subject-specific connectivity models as well as template
space models. In both subject-specific and template space analysis, TBI survivors
showed reduced FA near the midpoint of the connection between the thalamus and
BA 10 in the left hemisphere. The cluster was located at approximately the same
location in each model and is slightly larger in the template space model than in
the subject-specific model. The cluster in template space had a maximum t-value
of 4.60 while the cluster in the subject-specific analysis had a maximum t-value of
5.26.
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Control TBI
Figure 3.5: Subject specific connectivity models for connectivity between thalamus
(purple) and BA 9(light blue), 10 (light purple) and BA 11 (pink) are illustrated for
three controls (left) and three subjects (right). The connectivity models are colored by
average fractional anisotropy.
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Figure 3.6: Mean diffusion is examined in the cortical regions and thalamus. Results
with an FDR-corrected p-value < 0.02 and a cluster size of 15 voxels or greater are
visualized.
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Location of fractional anisotropy reduction in TBI
Subject space Template space
Figure 3.7: Students t-test results after FDR correction at p<0.02 indicated that the
left hemisphere connection between thalamus and Brodmann area 10 is affected by TBI.
Arrows indicate regions where TBI survivors showed reduced FA compared to controls
in both subject space (left) and template space (right) analysis. Sagittal and axial slices
from the T1 component of the template are shown for anatomical reference.
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3.4 Discussion
This study demonstrated that multivariate image registration techniques may be
combined with diffusion tensor tractography to create a system-based model for
delineating structural differences in TBI. Localized differences in MD were found
in the mediodorsal nucleus of the thalamus. An examination of the white matter
fibers that connect this region of the thalamus to the prefrontal cortex revealed
significant clusters indicating reduced FA in TBI. The use of a connectivity model
that adapts to individual subject data produced similar results but with a more
focal cluster and a higher peak t-value.
Our findings in this subset of the limbic system support previous in-vivo neu-
ropathologic studies [118, 196] as well as in-vivo volumetric studies which have
identified significant damage to the mediodorsal thalamus resulting from head in-
jury [164]. The difference in MD in the thalamus suggested a difference in the
structural integrity of the tissue which is complementary to previous findings of
volume reduction in that area [164]. The mediodorsal thalamus is known to be
heavily connected to the prefrontal cortex [114], a region believed to play a vital
role in the mediation of executive function and motivation. In the thalamo-cortical
connections, reduced FA and increased MD were detected, both of which suggested
a degradation of cellular integrity in the white matter and supported the concept
of using DTI as a basis for elucidating information regarding diffuse axonal in-
jury [145]. Our results provided a neuroanatomical interpretation for the observed
psychological impairments in TBI survivors, such as lowered motivation [172, 223]
and frequency of depression [77, 57].
It should be noted however that caution must be taken when interpreting dif-
ferences found in tensor-derived scalars. In the case of TBI however, it seems likely
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that increases in MD and decreases in FA result from underlying tissue damage.
These findings supported the belief that damage to structures such as the thala-
mus results in subsequent damage to the white matter tracts associated with that
structure. Additionally, while these measures may be used to infer damage to the
underlying tissue they do not directly provide a measure of connectivity. While
of great interest to many, the ability to use DTI to obtain physiologically relevant
measures of connectivity between distant structures is still an unresolved issue and
is the subject of ongoing research.
The results provided by the subject-specific analysis were similar to that of
the template based method, but suggested a more focal difference. As the tem-
plate provides a smoother representation, this in an expected result. However,
further study is required to fully understand potential benefits and short-comings
of the subject-specific methods. The use of template streamlines in the creation
of a connectivity model is a natural extension to DTI tractography, however it is
important to consider alternative representations. Recent work has used medial
surfaces to parameterize “sheet-like” fiber tracts [315]. This type of representa-
tion could provide a more anatomically relevant method for representing the fibers
associated with BA’s 10 and 11. Other shortcomings in the study include small
population size, wide range of ages and variable mechanism of injury. Variation in
time between injury and imaging is also an important issue.
Here probabilistic tractography in individuals was used to adapt the general
models to fit each subject’s anatomy. Due to the nature of these probabilistic meth-
ods, this required a great deal of processing to identify the appropriate trajectories.
Here we relied upon tractography in the individual space, however including infor-
mation directly from each individual’s underlying tensor field is a potential method
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for enhancing the subject fitting. Expanding the model to include additional con-
nections would provide additional insight into the complex effects of TBI. Previous
tractography studies of the thalamus have shown the ability to track fibers ema-
nating from the posterior portion of the thalamus that connect to BA 11. This is
particularly relevant as that cortical region is involved in many processes related
to symptoms often found in TBI survivors.
In conclusion, traumatic brain injury leads to complex effects in the cortex,
deep gray matter structures and the connections between them. We used SyNMN,
a cutting-edge technique for multivariate image registration, to create a template
space in which we define a connectivity model. The connectivity model was then
used as a prior for identifying analogous white matter connections in individual
tractography data. Additionally, this model provided a common frame-of-reference
in which to compare metrics along the fiber pathways. We demonstrated that
adapting the template model to individual subject data impacts the statistical
significance in a study of a patient population. In particular we found evidence of
injury in fiber pathways associated with thalamo-cortical connections.
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Chapter 4
Structural and functional
connectivity influence
decision-making in
communication.
This chapter presents work that will be presented at 13th International Conference
on Medical Image Computing and Computer Assisted Intervention 2010, Beijing,
China as well as a manuscript in preparation for submission. The brain’s lan-
guage network has been the focus of much research relating function to underlying
structure, although assessments of white matter connectivity within the language
network have been rare. In this study, we examine measures from event-related
functional MRI (fMRI) and integrate these with diffusion tensor imaging trac-
tography and cognitive performance in 10 healthy right-handed control subjects.
A decision-making task concerned with lexical selection involving homonyms was
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used to recruit a large-scale language network via fMRI. Diffusion tensor tractog-
raphy was used to identify the fiber tracts that project between the nodes of the
activated network, and the average fractional anisotropy was measured in each
of these fiber tracts. Functional connectivity between regions was measured by
correlating region-averaged fMRI event signals between pairs of regions connected
by these fiber tracts. Stepwise multiple linear regression analysis was then used to
identify the functional and structural connections that most significantly account
for homonym selection performance. Analyses of both structural and functional
networks suggest that performance depends on the integration of language and
decision-making subnetworks during task performance. Moreover, we observed
good convergence across these two types of analyses of network connectivity. This
work begins to provide a mechanistic account for connectivity within a large-scale
neural network underlying complex human cognitive activity.
4.1 Introduction
The human brain is a system comprised of a vast number of neurons that provide
great computational capacity via a complicated communication network consisting
of both local circuits and long-range fiber pathways. The neurons of the cortical
gray matter are responsible for processing information while the axons projecting
from these neurons in the white matter provide the communication channels be-
tween the functionally and structurally segregated subregions of the cortex. The
study of brain connectivity seeks to understand the interconnections, structural
properties, and functional relationships of the elements of this system and is essen-
tial for further insight into the nature of complex cognitive processes supported by
large-scale neural networks. In this study large-scale neural networks in the brain
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are examined using magnetic resonance imaging (MRI) to measure both structure
and function. We hypothesize that cognitive performance will be sensitive to both
structural properties of the white matter projections that provide the biological
network of connections, and to statistical measures of functional connectivity be-
tween regions comprising the network. Tasks involving decision-making during
language processing were used along with fMRI to identify the cortical regions
utilized by the large-scale network. We assessed statistically-based functional con-
nectivity between these anatomically distinct regions by examining coactivation of
pairs of recruited regions during performance of the tasks. Diffusion tensor imag-
ing (DTI) was used to identify and examine the structural properties of the white
matter fiber bundles that project between the activated regions. The network-wide
measures of statistically-based functional coactivation and structural projections
were then independently used to examine the role of connectivity during task per-
formance.
4.1.1 Structural connectivity
The set of all biological connections in the brain is known as the human connec-
tome and provides a basis for the examination of structural connectivity [265].
Understanding the structural connective patterns in the brain is essential to gain-
ing further insight into the complex functional interactions that are required for
complex behavior. In addition to identifying these biological connections, measur-
ing their quality or integrity is critical to understanding the relationship between
structure and function and how these together modulate behavior. Neuroimag-
ing techniques provide an in-vivo, macro-scale basis for a variety of methods that
identify these biological connections and/or examine the structural properties of
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the tissues that comprise them. Studies of structural connectivity typically focus
upon examining the long-distance myelinated neuronal projections in white matter
that connect gray matter regions. In diseases that cause demyelination, anatomi-
cal images (e.g. T1- or T2-weighted images) may be used to identify white matter
lesions that disrupt connectivity [191]. Measures of structural connectivity may
also be inferred by measuring the size of white matter structures, an approach that
has been used extensively to study anatomically isolated white matter projections
such as the corpus callosum [304, 60, 123].
4.1.2 DTI and structure
Recently, the use of diffusion tensor imaging (DTI) has received a great deal of
interest as a method for examining structural connectivity. DTI provides infor-
mation about the orientation and micro-architecture of white matter [30]. This
arises from the fact that myelin provides a barrier to the diffusion of water re-
sulting in diffusion anisotropy where the diffusion of water is much greater along
the direction of the axons than across. The orientation information provides the
basis for fiber tractography methods that identify physical connections in the form
of estimated white matter trajectories [29, 211]. Measures of diffusion anisotropy,
such as fractional anisotropy (FA), allow for quantitative measures of white matter
integrity. While confounded by issues such as (a) limited spatial resolution, (b)
generation of false-positive connections, and (c) inability to distinguish between
multiple fibers traveling in different directions within a single voxel, DTI based
methods have proven useful in the examination of large, well-defined white matter
fiber tracts such as the commisural fibers of the corpus callosum [269, 116], the
projection fibers of the thalamo-cortical network [38], and the association fibers
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of the language network [68]. Identifying the cortical regions to which these fiber
bundles extend provides the ability to examine the topography of specific white
matter pathways [38] as well as the properties of the underlying tissue.
Following the classical anatomical teachings of connectionist behavioral neu-
rology [106, 107], DTI studies of living humans have demonstrated asymmetries
in the left and right hemispheres of neurologically intact adults that reflect the
known lateralization of language [55, 110]. Attempts have been made to relate
this anatomic asymmetry to the language network. For example, an examination
of the fiber tracts of the language network demonstrated that inter-hemispheric
asymmetry in the arcuate fasciculus is associated with enhanced ability to remem-
ber words using semantic association [54]. The relevance of structural connectivity
to behavior was demonstrated more directly in work that found that increased
FA in the white matter underlying Broca’s area was higher in subjects with su-
perior grammar learning [94]. Further evidence for the behavioral relevance of FA
emerged from the first study to provide evidence for white matter changes result-
ing from training in healthy human brain. Localized increases in FA were thus
detected in the white matter underlying the intraparietal sulcus following training
of a complex visuo-motor task (juggling) [249].
4.1.3 Functional integration and connectivity
Blood oxygenation level-dependent (BOLD) fMRI provides a method for measur-
ing activation in the brain [220]. By contrasting the activation levels associated
with different experimental conditions, it is possible to identify cortical areas that
are associated with specific tasks such as language processing [100, 45] and decision-
making [247, 198]. To perform complex tasks, it is necessary for several anatom-
56
ically distinct but functionally co-activated regions to work together and form
networks under a concept known as functional integration. One way to study this
integration is to examine the statistical covariance of BOLD activation in several
cortical regions activated during task performance across a population [139, 200].
Methods examining these covariances are sometimes referred to as studies of func-
tional connectivity, but here we will refer to the group-wise analysis of co-activation
as ‘functional integration’. We will reserve the term ‘functional connectivity’ to
refer to statistical paradigms that identify temporally coordinated activity in spa-
tially distinct units in an individual’s brain [241]. BOLD fMRI may also be used to
measure functional connectivity by examining the entire fMRI time-course signal,
as is often the case in studies of resting state functional connectivity [43, 67]. Alter-
natively, functional connectivity may be measured by examining the BOLD signal
during distinct stages of a cognitive task [237]. Functional connectivity has been
referred to as an ‘elusive concept’ due to the large variety of definitions, modalities
and methods that have been described using this term [140]. An extensive review
of these methods is provided by Li et al. [184].
In this study, we examine the relative informativeness of functional connec-
tivity compared to biological connectivity defined by DTI. To examine biological
networks based on white matter tracts defined by DTI compared to functional con-
nectivity defined statistically, we assessed a BOLD fMRI data set collected during
an fMRI language activation study of homonyms [202]. Briefly, this study asked
subjects to make decisions about the use of a homonym or a non-homonymous
synonym in a sentence. The authors hypothesized that participants would prefer
to use the dominant meaning of a homonym in a context-appropriate sentence (e.g.
“pen” to refer to a writing implement), but would prefer to use a synonym when
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referring to the subordinate meaning in order to minimize the risk of misinterpre-
tation (e.g. “cage” instead of “pen” to refer to an animal enclosure). The authors
demonstrated different fMRI activation patterns for each condition. A language
network was recruited in the left hemisphere during stimuli with the dominant
meaning. This included posterolateral temporal cortex and anterior temporal cor-
tex, brain regions implicated in the representation of word meaning [45, 171]. A
decision-making network was recruited additionally during subordinate stimuli.
This included dorsolateral prefrontal cortex and orbital frontal cortex, regions im-
plicated in decision-making and risk [238, 228, 171]. Inferior parietal cortex also
was recruited, another brain region recently implicated in the integration of mul-
tiple networks during complex decision-making [171]. In the present study, we
examine the interactions between language and decision-making subnetworks us-
ing statistically-based functional connectivity and DTI-based assessments of white
matter projections between activated language and decision-making regions.
4.1.4 Relationship of structure and function
Previous studies have attempted to combine BOLD fMRI and DTI measures in
tracts between activated brain regions. The first study to combine fMRI and
DTI examined a single patient’s recovery from a traumatic brain injury [297], and
employed a converging evidence approach that relied upon qualitative analysis and
formed a basis for many additional studies [298, 151, 166, 214, 255, 168]. A variety
of quantitative approaches to combined analysis of DTI and BOLD fMRI have
been developed. In one approach, voxel-wise correlations were performed between
functional and structural connectivity maps [222, 278]. These methods were not
particularly informative because they did not heed the anatomical tracts projecting
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between activated regions. More recently, fMRI has been combined with DTI
tractography by using functionally activated regions as seeds for tractography [281,
230, 287, 46, 152]. Unless carefully constrained, this may result in the inclusion of
white matter that, despite connecting to a cortical region of interest, is not part of
the functional subnetwork being examined. Here we combined information from
structural and functional data to restrict the analysis to fiber bundles that provide
a direct biological connection between two functional regions of interest defined by
fMRI activation during task performance.
4.1.5 Incorporation of behavioral data
Finally, using behavioral data collected during the fMRI study as the dependent
variable, we examine the relative effectiveness of statistically-based functional net-
works and DTI-based white matter networks to explain performance. Some pre-
vious work has related DTI and fMRI to performance. For example, Baird, et al.
[24] used reaction times and fMRI to localize cortical activity for short and long
reaction times. Regression analysis using BOLD values in the activated regions
as independent variables was then used to show that short reactions times were
associated with FA in the splenium of the corpus callosum while long reaction
times were associated with FA in the genu of the corpus callosum [24]. A study
by Madden et al. [194] combined DTI and fMRI to study the effect of aging on
visual response time. Activation in the frontal and parietal cortical regions was
shown to be greater for older adults, but while an age-related FA decrease was
found in older adults, it did not specifically mediate the age-related changes in
activation [194]. An examination of executive cognition found white matter devel-
opment and age-related changes in fMRI to be directly associated with cognitive
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performance [266]. Recent work by Propper et al. [231] examining handedness and
its influence upon functional language lateralization and structure in the arcuate
fasciculus suggested that degree of handedness may be an important to consider
in studies of neuroanatomical asymmetries. We hypothesize that both functional
and structural connectivity may predict cognitive performance and that a stepwise
multiple linear regression analysis of cognitive performance will reveal the struc-
tural and statistically-based functional connectivity components of the network
that best reflect performance.
4.2 Methods
4.2.1 Subjects
Ten subjects (6 female) ranging in age from 19 to 32 years (mean age of 23.5
years) had both functional and diffusion tensor images. All subjects were healthy
young adults participating in the study for monetary payment. All participants
were native English speakers, right-handed and in good health with no history
of neurological difficulty. Informed consent was obtained from all participants
according to a protocol approved by the University of Pennsylvania Institutional
Review Board.
4.2.2 Subnetworks in the brain
We investigate a hypothesis proposed by McMillan et al. [202] that suggests lan-
guage processing is supported by the interaction of two cortical subnetworks, one
for language and one for decision-making. This study specifically focused on the
strategic process of minimizing ambiguity during language production, defined as
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an individuals’ use of an unambiguous word (e.g. “cage”) instead of a semanti-
cally ambiguous word (e.g. “pen”) to make the meaning of an utterance more
clear. A forced choice paradigm was used in which subjects were instructed to
make the choice that resulted in the most clear sentence meaning (e.g. reduced
ambiguity). 20 homonyms were identified that had a strong bias toward one of
the possible meanings. The more frequent meaning (e.g. “pen” used to refer to
a writing implement) is referred to as dominant while the less frequent meaning
(e.g. “pen” used to refer to an animal cage) is referred to as subordinate. For
each homonym, 3 context sentences were generated in which the final word was
semantically related to the dominant meaning, subordinate meaning, or was se-
mantically neutral in meaning. Additionally, a carrier sentence was generated for
each homonym that consisted of a short phrase followed by a blank space. The
same carrier sentence was used for dominant, subordinate, and neutral contexts
for each homonym. Lastly, a semantically related unambiguous alternative was
generated. These sentences were used to create 60 experimental trials using each
of the 20 homonyms in each of the contexts (dominant, subordinate, neutral). Ex-
ample sentences for each condition are provided in table 4.1 [202]. Participants
were presented with a context sentence, a carrier sentence and choice between a
homonym and an unambiguous alternative. To limit the participants’ ability to
reduce the task to homonym detection, 180 filler trials were used that followed the
same format but did not include a homonym. Experimental and filler trials were
randomly distributed into 5 fMRI runs of equal length. The frequency with which
participants chose the unambiguous choice was recorded and used as the measure
of cognitive performance.
61
Context Context Completion Homonym Alternative
Sentence Sentence Choice Choice
Dominant Kim had some ink. She needed a pen quill
Subordinate Kim had some pigs. She needed a pen cage
Neutral Kim had some ideas. She needed a pen quill or cage
Table 4.1: Example stimulus materials for the homonym “pen” in each experimental
condition. Sentences adapted from McMillan, et al. [202]
4.2.3 MRI acquisition
Scans were acquired on a Siemens 3.0T Trio scanner. T1-weighted structural im-
ages were acquired using an MPRAGE protocol (TR = 1620ms, TE = 3ms, flip
angle of 15◦, 1 mm slice thickness, 192×256 matrix, resolution = 0.9766×0.9766×
1.0mm). BOLD fMRI images were acquired with fat saturation, 3 mm isotropic
voxels, flip angle of 15◦, TR = 3s, TEeff = 30ms and a 64× 64 matrix. DT-MRI
images were acquired with 4 b = 0 images and 30 directional diffusion weighted
images (resolution = 1.875× 1.875× 2.0mm, 112× 112 matrix, b = 1000s/mm2).
4.2.4 fMRI analyses overview
For the examination of function, the cortical regions identified by McMillan et al.
were examined [202]. All regions but one activated the left hemisphere. In order
to limit our study to the left hemisphere we used the left homologue to the right
interior parietal region that was activated in the McMillan et al. study. While 18
subjects were studied by McMillan et al. we include only the 10 subjects for which
DTI was also acquired in order to examine the relationship between function and
structure. Processing of the fMRI data was performed using SPM5 [16]. For each
subject, the functional data was motion-corrected, transformed into MNI space,
spatially smoothed with a 8mm FWHM isotropic Gaussian kernel and interpolated
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to isotropic 2 mm voxels. A canonical hemodynamic response function was used
to convolve the onset times of stimulus events for each condition. A general linear
model approach was then used to calculate statistical parameter estimates for each
subject. Coordinates of peak activation were identified by McMillan et al. [202].
The coordinates are listed in table 4.2 and each was used to define the center of
spherical region of interest (ROI) with a 10mm radius.
Network Cortical Region MNI Coordinates
Language Anterior temporal (ATC) -48 15 -16
Posterior lateral temporal (PLTC) -42 -57 -7
Decision-Making Dorso-lateral prefrontal (DLPFC) -48 23 36
Orbital frontal (OFC) -46 46 10
Inferior parietal (IPC) -52 -56 43
Table 4.2: Peak activation MNI coordinates of functional regions of interest
Statistically based functional integration was determined in the following man-
ner. For each ROI in each subject, an average t-value was calculated for each
context (i.e. dominant, neutral, subordinate). These region-averaged activation
t-values were used to calculate a correlation matrix for each context in order to
examine the covariation of activation across the population using Pearson’s cor-
relation coefficients. Examination of these correlation matrices illustrates how
activation patterns change within the population under the different contexts.
To measure functional connectivity within individuals, activations correspond-
ing to responses to each of the categories of stimuli were extracted from the fMRI
time-course signal to create an event-signal with 20 time points for each context.
For each ROI, the context-specific event-signals from all voxels within the ROI were
used to determine an averaged event-signal for that region. These event-signals
were then normalized to have a mean of 0.0 and a standard deviation of 1.0. To
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estimate intra-subject functional connectivity under each context, a Pearson’s cor-
relation coefficient was calculated for each region-to-region pair of interest within
each subject. We limited the analysis to pairs of regions that have direct biological
connections as our interest is in examining the relationship between structure and
function.
4.2.5 DTI analyses
For the examination of structure, the cortical regions identified by McMillan et al.
[202] were used to identify the white matter fiber bundles that define the biological
connective network that projects between cortical regions. The white matter tracts
of interest were identified in a diffusion tensor atlas and used to create geometric
models. The models were then used to examine FA in each subject. Average FA
values for each structure were calculated to provide an equidimensional framework
for relating these structural measures to the functional connectivity measures that
were calculated for the regions connected by each fiber tract. Specifically, we used
an atlas-based methodology that provides a common anatomical frame-of-reference
for inter-subject comparisons, an approach used in methods designed to identify
focal white matter differences [315, 116, 157, 309, 260]. Fiber templates were used
to create arc-length parameterizations of diffusion properties due to their ability
to examine whole-tract properties of white matter pathways [156, 64, 193, 186,
218, 68, 116, 33]. Defining these fiber templates in the atlas space avoids the
time-consuming and error-prone process of defining anatomically equivalent ROIs
in each subject [109]. Moreover, the improved SNR provided by a population atlas
provides an appropriate space for identifying fiber bundle geometry and minimizes
false-positive errors [116].
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A multivariate atlas was created from a data set consisting of 30 healthy young
adults for whom both high resolution T1 images and DTI were acquired. The 10
subjects from the functional study that also had DTI data were all included in this
atlas-building data set. The set of all subjects’ high resolution T1 weighted images
were used to create an unbiased, shape averaged atlas using Symmetric Normaliza-
tion as implemented in Advanced Normalization Tools (ANTS) [20]. This was ac-
complished through the use of a multi-resolution, non-rigid registration algorithm
to optimize a cross correlation metric under the constraints of a diffeomorphic
transformation model [23]. The Brain Extraction Tool [259] was used to segment
brain parenchyma in the atlas image to create a brain mask which was propagated
to each subject’s T1 weighted image. These skull-stripped T1 weighted images
were then registered to the FA image derived from each subject’s diffusion tensor
image. The intra-subject transforms were composed with the T1 atlas transforms
in order to create a population-specific atlas with both T1-weighted and diffu-
sion tensor data. In order to preserve the orientation information provided by the
tensors, the preservation of principle technique was used along with linear interpo-
lation of tensors in the log-Euclidean space. The T1 component of the atlas was
used to determine a mapping to MNI152 space in which the functionally activated
regions were defined. The use of the T1-weighted images in the atlas building was
chosen because they have a higher resolution than the diffusion tensor data and to
avoid using the same feature (i.e. FA) for registration that will later be used for
statistical comparison.
The functionally activated regions were warped into the atlas space in which
tractography was performed. As white matter projections approach gray matter
the fibers diverge and this combines with partial voluming of DTI voxels containing
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both white matter and gray matter to reduce FA and confound fiber tractography.
To account for this, the activated regions were dilated by 5mm to extend into the
white matter to identify fiber bundles that provide the biological connectivity for
the functional network. A fiber tract was considered to connect to a functional
region if there was a non-zero overlap between the dilated cortical region and the
volume enclosed by the geometric model for the fiber tract. All fiber tracts that
connect to at least two cortical ROIs are considered to be part of the biological
network and are retained for examination of FA. Averaging over the full extent
of white matter fiber bundles may introduce a bias due to partial voluming that
occurs in voxels on the outer boundaries of the fiber tracts. We avoid this bias by
incorporating a centerline or skeletonization technique that limits the examination
to voxels that are near the core of the fiber tract [260, 315]. Here we use the
centerlines provided by the geometric models to examine each subject’s FA image.
At each point along the centerline, FA was found. A single value was found for
each fiber bundle by averaging the FA values over the length of the centerline.
Tract-averaged values were chosen to reduce the problem of multiple comparisons
in subsequent statistically analysis, and to provide an equidimensional basis for
comparison with functional connectivity measures. We felt this was valid because
the projections between activated regions must be complete in order to integrate
the regions into a network.
4.2.6 Relating function and structure to behavior
Behavioral data was used to examine the extent to which functional and struc-
tural connectivity have real-world consequence regarding behavior under different
contexts. To evaluate whether participants selected unambiguous alternatives at
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a rate that differs from random selection, the chance rate of selecting one of two
responses using a binomial test was calculated. The proportion of times that each
subject minimized ambiguity was then used to identify the components of the net-
works that most directly influence performance in the functional task. To examine
the relationship between performance and functional connectivity, stepwise mul-
tiple linear regression was performed using R [233] where the behavioral scores
were the dependent variables and the functional connectivity values were the in-
dependent variables. The initial model included functional connectivity between
all regions with direct biological connections:
M c =
(
t∑
t∈S
βct tFC
)
+ ε (4.1)
where M c is the ratio of times in which the subject chose the word that min-
imized ambiguity when presented with a sentence conforming to context c, S is
the set of all white matter fiber tracts in the network, tFC is the functional con-
nectivity between the cortical regions connected by fiber tract, t, βct is a weighting
term for each connection under each condition, and ε is an error term. We hy-
pothesize that performance is modulated by network-wide properties so backward
elimination was used as it begins by including all components in the network. The
best model was determined according to the Akaike information criterion [5]. To
examine structure, the process was repeated with the independent variables, tFC ,
being replaced by tFA, the centerline-averaged FA for a fiber tract, t.
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4.3 Results
4.3.1 Statistically-based functional integration
A correlation analysis using Pearson’s correlations was performed to examine the
statistically-based strength of the relationships between the activated regions of
fMRI study and how these vary under the different contexts. We found greater in-
tegration of the language and decision-making subnetworks for subordinate stimuli
than dominant or neutral stimuli. The functional integration results are listed in
Table 4.3. In each condition, there was a statistically significant correlation be-
tween the activated regions of the language network (ATC and PLTC). The DLPFC
and OFC components of the decision-making network were correlated for all condi-
tions as well and IPC correlated with both of these regions in the subordinate con-
text. The IPC also exhibits correlations with other decision-making regions under
the subordinate context. Most importantly, only 2 of 6 possible correlations were
significant between the language components and the decision-making components
during the dominant and neutral conditions. However, 4 of 6 correlations were sta-
tistically significant between the language and decision-making components during
the subordinate condition. This emphasizes the integrated contribution of both
language and decision-making components during the subordinate condition.
4.3.2 DTI analyses of biological projections
The functionally activated regions listed in table 4.2 were used to identify the white
matter tracts of interest and revealed a biological network made up of the uncinate
fasciculus (UNC), arcuate fasciculus (ARC), superior longitudinal fasciculus (SLF),
inferior longitudinal fasciculus (ILF), inferior frontal-occipital fasciculus (IFO) and
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an inferior-superior fiber bundle running along the arcuate fasciculus that will be
referred to as the arcuate fasciculus vertical (AFV). The geometric models of the
fiber bundles are used to define surface meshes for visualization, as illustrated in
figure 4.1. The average FA values determined by averaging along the centerlines
listed in figure 4.1.
Figure 4.1: Functionally activated cortical regions (shown in red) were used to iden-
tify white matter fiber bundles that connected any two activated regions of interest.
This resulted in the identification of six white matter projections for which mean frac-
tional anisotropy (FA) was calculated. This network included the uncinate fasciculus
(blue, FA=0.397± 0.092), arcuate fasciculus (pink, FA=0.459± 0.151), inferior frontal-
occiptal fasciculus (orange, FA=0.646 ± 0.122), inferior longitudinal fasciculus (purple,
FA=0.479± 0.142), superior longitudinal fasciculus (yellow, FA=0.523± 0.068) and the
arcuate fasciculus vertical (green, FA=0.511± 0.099).
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4.3.3 Predicting performance from statistically-based and
biological connectivity
Of particular interest was the extent to which structural and functional connectiv-
ity values related to cognitive performance, how structure-specific this relationship
was, and the degree to which each provided unique information. For each partici-
pant, a behavioral score was determined for each sentence context by the propor-
tion of times that they chose the unambiguous alternative. The mean score over all
conditions was 0.717± 0.14. A binomial test was used to calculate the chance rate
of selecting one of two responses, in order to evaluate whether participants selected
an unambiguous alternative at a rate that differs from random. This revealed that
selecting 14 (70%) or more alternatives out of 20 responses per condition differed
significantly from chance (p < 0.05). In the dominant context, participants were
equally likely to choose an unambiguous alternative and homonym, while they were
more likely to choose an unambiguous alternative in the neutral and subordinate
contexts.
Functional and structural connectivity values were independently examined as
predictors of performance. The functional connectivity values between cortical
regions for which there was a biological connection were used as independent vari-
ables in a stepwise multiple linear regression on the behavior scores. No significant
results were found for the dominant and neutral contexts. For the subordinate
context, the functional connectivity (Figure 4.2) regression analysis resulted in a
model consisting of four cortical pairs(R2 = 0.839, p = 0.008), including two inde-
pendently significant pairs: OFC-PLTC (p = 0.005) and OFC-ATC (p = 0.002).
To examine structural connectivity, the same analysis was performed using the av-
eraged FA values along each fiber tract as the independent variables. The analysis
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of FA also resulted in no significant results for the dominant and neutral contexts,
but for the subordinate context (Figure 4.3) the regression analysis resulted in a
model that included all fiber tracts (R2 = 0.790, p = 0.074), including four in-
dependently significant fiber tracts: AFV (p = 0.023), IFO (p = 0.029), UNC
(p = 0.018), and ARC (p = 0.017).
Figure 4.2: Stepwise multiple linear regression analysis examining performance in the
subordinate context and functional connectivity between regions connected by a white
matter fiber tract resulted in a model including the vertical aspect of the arcuate fasci-
culus (AFV), IFO, IFL and UNC. * p < 0.05
4.4 Discussion
4.4.1 Summary
Characterizing the relationship between cognitive function and neuro-anatomical
structure is essential to elucidating the complex process by which the brain me-
diates behavior. The present study attempted to leverage multiple modern neu-
roimaging techniques to examine both structure and function in a young, healthy
population. Specifically, the goal was to examine the utility of combining fMRI
and DTI to gain insight into how connectivity between functional subnetworks
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Figure 4.3: Stepwise multiple linear regression analysis examining performance in the
subordinate context and tract averaged FA implicated all biological connections in the
network: uncinate fasciculus (UNC), arcuate fasciculus (ARC), superior longitudinal
fasciculus (SLF), inferior longitudinal fasciculus (ILF), inferior frontal-occipital fasciculus
(IFO) and the arcuate fasciculus vertical (AFV). The coefficients for each structure are
illustrated here. *Indicates an individually significant fiber tract (p < 0.05).
influences real world performance in decision-making during communication. We
found that regions contributing to the language subnetwork work with each other
in all conditions, and that regions within the decision-making subnetwork work
together most robustly during the subordinate condition that requires the greatest
dependency between these subnetworks. Analyses of both structural and func-
tional networks suggest that performance depends on the integration of language
and decision-making subnetworks during task performance. Moreover, we observed
good convergence across these two types of analyses of network connectivity.
4.4.2 Large-Scale Neural Networks
The integration of DTI and fMRI may be an informative approach to examining
this problem as it allows for non-invasive macro-scale examination of large-scale
neural networks underlying behavior [234, 124, 241]. Much of the recent work that
combines fMRI, DTI, and behavior has focused upon examining functional activa-
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tion as opposed to examining the coordinated activity between multiple activated
regions as measured with functional connectivity [14, 24, 194, 94, 287]. Cohen, et
al. [59] examined how learning was influenced by both structural and functional
connectivity, but with structural and functional data acquired in separate popu-
lations. Stevens, et al. [266] were the first to use fMRI and DTI to demonstrate
that age related cognitive gains are associated with both white matter properties
and functional integration within a network.
The current work supports the theory that although specific elementary cogni-
tive operations are localized to specific cortical regions, complex cognitive process-
ing is achieved through the coordinated activity of multiple cortical regions to form
large-scale neural networks [207]. A statically-based examination of functional in-
tegration demonstrated that when subjects were presented with a language-based
decision, a language subnetwork was formed consisting of the ATC and PLTC.
A decision-making subnetwork also was formed from the DLPFC and OFC. In-
creasing the risk of misinterpreting a sentence resulted in an increase in integration
between the subnetworks as well as the recruitment of an additional cortical region
believed to be associated with integration of subnetworks, IPC [150, 18]. Further-
more, a DTI-based examination of white matter structure in the fiber tracts pro-
vides the biological network that connects the cortical regions within this network
4.4.3 Functional Integration
Under all sentence conditions, significant co-activation was found within the lan-
guage subnetwork (PLTC and ATC) and within the decision-making subnetwork
(OFC and DLPFC). Functional integration between the subnetworks was found to
vary by context. In the dominant and neutral contexts, only 2 of 6 individual con-
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nections between the subnetworks were found to be significant. In the subordinate
context 4 of 6 individual connections were significant, and the regression analysis
suggested that the optimal model involved all 6 projections within the large-scale
network. This suggests that as sentence interpretation became more risky, as in
the use of a homonym to refer to a subordinate meaning, a greater integration of
the language and decision-making subnetworks was required. This is consistent
with the connectivity pattern of the the IPC, a region believed to be involved with
integrating subnetworks [150, 18]. In the dominant context, the IPC had 1 signif-
icant connection of 4 possible connections; and no significant connections to the
IPC were found in the neutral context. However, in the subordinate context, 3 of 4
possible connections were found to be significant, including connections to compo-
nents of both the language and decision-making subnetworks. This suggests that
as subnetworks become integrated, it may be advantageous to recruit additional
resources to facilitate communication between subnetworks.
A number of statistical methods have been proposed for examining functional
integration, including principal components analysis (PCA) [160, 99], independent
components analysis (ICA) [120, 52] and coherence analysis [270]. These data-
driven exploratory methods make no assumptions regarding the neuroanatomy of
the underlying structural network that connects functional regions. Because we
are interested in examining both the functional and biological networks, we chose
to leverage a priori information about the cortical regions involved in the task
and use a hypothesis-driven correlation analysis approach to examine functional
integration. Model based techniques such as structural equation modeling (SEM)
and dynamic causal modeling (DCM) attempt to measure the influence that one
neural system has over another and have been successfully used to examine fMRI
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data for studies of effective connectivity. Both SEM and DCM require a priori
assumptions regarding the directionality and causality of interregional influences.
Here DTI-based tractography was used to identify connections between regions,
but this provides a purely symmetric connection with no information relating to
directionality. We had no prior assumptions regarding directionality or causality
within or between the subnetworks being examined, and indeed connectivity may
be bidirectional. Under this circumstance, we felt that it was appropriate to use a
correlation-based method in order to avoid causal assumptions.
4.4.4 Functional Connectivity
Because functional connectivity has been described as an ‘elusive concept’ [140] it is
necessary to carefully describe exactly what this term refers to in this study. In this
study, context-specific functional connectivity between cortical regions within an
individual was measured by calculating a Pearson’s correlation coefficient between
region-averaged fMRI event-signals using only the time-points that included the
response to a stimuli of the given context. Examining performance in the dominant
and neutral conditions with stepwise multiple linear regression analysis did not re-
sult in any significant functional connections, but in the subordinate condition it
returned a model consisting of 4 connections. Two functional connections were
found to be independently significant, both connecting a decision-making region
to the OFC and a language region. The OFC-ATC connections had a positive co-
efficient while the OFC-PLTC had a negative coefficient. The negative correlations
are between a decision-making region and PLTC that is responsible for mapping
word meaning onto a lexical representation, while the positive correlations map
decision-making regions onto ATC that is responsible for semantic representations
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per se. It may be that the positive correlations are significant to maintain the
target meaning, while the negative correlations represent decision-making inhibit-
ing the most frequent lexical representation of the target meaning so that a lower
frequency non-homonymous lexical representation can be retrieved.
Cortical regions were identified using a priori knowledge that was used to define
small ROIs over which event-signals were averaged to reduce noise in the signal.
The location of these ROIs was determined in an atlas-space under the assump-
tion that cortical activation is consistently localized between subjects. Limiting
the study to these previously identified cortical regions increases the power of sta-
tistical inference [241], but also prevents the identification of additional network
components that may be relevant such as homologous cortical regions in the right
hemisphere. The signal provided by BOLD fMRI is an indirect measure of func-
tion [220] and the precise nature of the relationship between the BOLD fMRI
signals and the underlying neural substrate remains unknown. The limited tem-
poral resolution of fMRI prevents the detection of transient neural activity that
results from a stimulus [184], instead functional correlation is measured by exam-
ining the response to repeated stimuli of a given sentence context. Interpretation
of the functional dynamics of the neural network is additionally complicated by the
fact that the metabolic response measured by BOLD imaging may result from both
excitatory and inhibitory neural activity [189]. While there is currently no consen-
sus on the best modality or method for examining functional connectivity [140],
the approach we used was reasonably conservative and made minimal interpretive
assumptions while it provided a statistical measure of functional connectivity that
demonstrated synchronized activation within language and decision-making sub-
networks, and also between subnetworks only in the subordinate context where
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sentence interpretation is the most risky. Additionally, in the case of the subordi-
nate context, functional connectivity values were predictive of performance.
4.4.5 Structural Connectivity
We hypothesized that structural properties of the fiber tracts that provide the
communication channels between activated regions would impact the effectiveness
of the network and thus influence performance. Multivariate regression analysis of
tract-averaged FA throughout the biological network did not reveal any significant
differential impact of biological connections in the dominant or neutral context,
but in the in the subordinate context the analysis resulted in a model containing
all fiber tracts in the biological network. Of these, 4 individual were found to
significantly predict performance. Two of the significant fiber tracts were the IFO
and the UNC each of which provides a direct biological connections between the
pairs of cortical regions identified in the functional connectivity analysis (the IFO
connects PTLC to ATC, and the UNC connects OFC to ATC). In both cases, the
sign of the coefficient for the fiber tract matches the sign of the coefficient for the
functional connectivity between the cortical regions it connects (negative for IFO
and positive for UNC). Additionally, the ARC is found to be significant with a neg-
ative coefficient while the AFV is found to be significant with a positive coefficient.
The broad incorporation of multiple brain regions suggests that the influence of
structure is more distributed throughout the large-scale neural network.
The influence of white matter integrity upon performance has been examined
for many specific skills and a positive correlation between FA and performance
has been reported in both human [305, 154] and animal [195] studies, but nega-
tive correlations between FA and performance have also been reported [284, 134].
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Studies examining the language subnetwork have reported similarly contrasting
results. A positive correlation between grammar learning and FA in fiber tracts
connecting to Broca’s area was found in a study that used probabilistic tractog-
raphy methods, resulting in a gross averaging of FA from a number of fiber tracts
including the ARC, SLF, AFV, and inter-hemispheric connections through the cor-
pus callosum [94]. A positive correlation between reading ability and FA in the
temporal-parietal junction was found [167] and FA white matter underlying both
frontal and parietal cortex was positively correlated with speed of lexical decision-
making [113]. Studies examining the lateralization of the language network have
also examined white matter integrity using FA. Extreme leftward lateralization in
the ARC was found to be negatively correlated with verbal recall [54]. Studies
including the analysis of functional data also exhibit the difficulty in interpreting
FA. A positive correlation between FA in the left SLF and lateralization of fMRI
based activation during verb generation has been reported [230], as has a nega-
tive correlation between callosal FA and right prefrontal activation during verbal
encoding [232]. While these studies suggest that structural properties of white
matter may have significant influence upon behavior, they also emphasize the dif-
ficulty in interpreting FA. FA is an indirect measure of white matter integrity that
is sensitive to a variety of white matter properties, including but not limited to:
myelination, axon diameter and density, fiber tract curvature, and intra-voxel fiber
crossings [26, 254, 290]. FA may have a non-linear response to changes in these
properties, and the relationship between FA and axon diameter is not fully known.
An atlas-based approach was used to identify the fiber tracts allowing for the
identification of well defined fiber bundles. This approach limits the study to
easily identifiable fiber tracts as no methods exist for automatically extracting and
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identifying all fiber bundles in the atlas. This does not limit the current study as
we are only interested in examining well defined fiber bundles that are part of the
accepted biological network of connections in the language and decision-making
subnetworks. From the bundle of streamlines for each fiber tract, a geometric
model is determined and used to identify fiber tracts that connect two cortical
regions of interest. The cross-sectional areas of the fiber tracts are calculated using
a least squares method and this reduces the problem of false-positive connections
by limiting the influence of errant streamlines. By only examining FA along the
centerline of each fiber tract, the bias caused by partial voluming is reduced as
only the “stem” of each fiber tract is examined [260, 315]. Additionally, averaging
FA over the length of each fiber tracts should reduce the bias caused by localized
fiber crossings.
4.4.6 Shortcomings
The small number of subjects limited the scope of the study. A multivariate linear
regression analysis examining all possible functional connections was not possible
due to the small sample size, for example, so the analysis was limited to the ex-
amination of functional connectivity between regions that were directly connected
by a fiber tract identified in the DTI atlas. This is anatomically rational, and
future work with a larger sample size can evaluate theoretical possibilities such
as the contribution of a modulating region with projections to multiple brain re-
gions. Additionally, the study was limited to the left hemisphere although there
is considerable evidence indicating strong lateralization in the language subnet-
work [54, 230, 232, 231]. Stepwise linear regression methods have been criticized
because they don’t correct for multiple comparison. While this is true, our re-
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gressions were hypothesis-driven. Moreover, we feel that multiple linear regression
with backward elimination was appropriate here as we hypothesized that both
functional and structural connectivity would have network-wide effects upon be-
havior. Additionally, the converging evidence provided by the significance of the
UNC and IFO in both functional and structural analysis with corresponding co-
efficients strengthens our confidence in the findings. Future studies with more
subjects and different task should help address these concerns.
4.4.7 Conclusions
The current study has demonstrated that both functional and structural connec-
tivity play an critical role in modulating performance in a communication and
decision-making task. The study shows that as sentence interpretation become
more risky because of the infrequent subordinate meaning of a homonym, more
integration between the language and decision-making subnetworks is required.
Network-wide influences on behavior are revealed for both structural and func-
tional connectivity.
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Table 4.3: Group-wise correlations of activation t-values under all conditions. * p <
0.05. Cortical regions include orbital frontal (OFC), anterior temporal (ATC), posterior
lateral temporal (PLTC), dorso-lateral prefrontal (DLFPC), and inferior partietal (IPC).
A green dotted line identifies the language subnetwork connections, a spaced blue dashed
line identifies the connections of the decision-making subnetwork and a red dashed line
identifies connections between the language and decision-making subnetworks
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Chapter 5
The lateralization of structure
and function in aging: A
combined fMRI and DTI study
This chapter presents work submitted to the 13th International Conference on
Medical Image Computing and Computer Assisted Intervention 2010 Workshop
on Computational Diffusion MRI, Beijing, China. Measures from event-related
functional MRI, diffusion tensor imaging tractography and cognitive performance
in a language-based task were used to test the hypothesis that lateralization of
function and structure changes with age and plays a role in regulating cognitive
performance. Functional activation was examined in three functionally activated
regions and their opposite hemisphere homologues in healthy young adults and
healthy seniors. The health seniors were divided into two groups, one that was
cognitively matched with the young adults, and one that performed more poorly
on a working memory task. The functional regions were used to identify the
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white matter fiber tracts that provide the biological connectivity between the ac-
tivated regions and structural connectivity was measured by averaging fractional
anisotropy (FA) over a geometric fiber bundle model that projects local white mat-
ter properties onto a centerline. Young adults had symmetric activation patterns.
Seniors were found to have higher activation in the right posterior temporal cortex
and this activation was higher for higher performing seniors than lower performing
seniors. FA in the right hemisphere arcuate fasciculus was found to have higher
FA in seniors, but lower FA was found in the right hemisphere short frontal fibers
and the posterolateral temporal inter-hemispheric connections of seniors. Higher
performing seniors also exhibited lower FA in the inferior frontal inter-hemispheric
connections compared to lower performing seniors. Right hemisphere compen-
satory activation in older adults may be due in part to age-related changes in
white matter connectivity.
5.1 Introduction
Lateralization, the asymmetric distribution of cognitive resources between hemi-
spheres, is a distinctive feature of the human brain. The first evidence for func-
tional lateralization was provided by Paul Broca’s (1824 - 1880) post-mortem ex-
aminations of subjects with language deficits which revealed that the left hemi-
sphere subserves language processing. More detailed examinations of lateraliza-
tion were performed by Roger Sperry [263] who conducted a series of experiments
testing functional lateralization in subjects whose corpus callosum had been sur-
gically severed in order to prevent epileptic seizures. These experiments demon-
strated that when words were presented to the left visual field (i.e. right hemi-
sphere), the subjects did not report seeing anything, but when the words were
83
presented to the right visual field, the subjects were able to correctly report the
word. More recently, functional magnetic resonance imaging (fMRI) has provided
further evidence confirming that language processing is handled in the left hemi-
sphere [100, 45]. Additionally, diffusion tensor imaging (DTI) tractography has
been used to identify hemispheric asymmetries in the white matter tracts that
provide the anatomical connections between the cortical regions associated with
the language network [55, 110].
Studies of fMRI of the aging brain have suggested that older adults recruit
right hemisphere resources for language processing, however the basis for the com-
pensatory process is not known [50]. A number of hypotheses have been proposed
to explain the changes in functional lateralization that accompany aging. The
compensation view posits that increased right hemispheric activity is an attempt
to counteract age-related neurocognitive decline [51] whereas the dedifferentiation
view posits that these increases are are the result of a response to increased dif-
ficulty in the recruiting of specialized neural mechanisms [252]. The psychogenic
view posits that these changes reflect the implementation of novel cognitive strate-
gies that are not used (and not needed) by younger adults except for very difficult
tasks [185]. This contrasts with the neurogenic view which posits that the asym-
metry reductions are the result of age-related changes to neuronal architecture.
A global reorganization of functional specialization is posited by the network view
while the regional view posits that the asymmetry changes are independent of func-
tional specialization. The resources view posits that cognitive processes are fueled
by limited resources and that decreased lateralization results from age-related ca-
pacity declines in left-hemispheric neural units [65]. An age-related decline in
processing speed is assumed by the speed view which posits that increased recruit-
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ment of neurons results in increased processing speed. Finally, the inhibition view
posits that age-related declines in inhibition result in reduced lateralization lead-
ing to decreased cognitive performance due to greater influence of task-unrelated
information [130]. Many of these views are not mutually exclusive, suggesting that
the true origin for reduced functional lateralization may be some combination of
the above. The evaluation of these views is complicated by a lack of information
regarding the relationship of lateralization and cognitive performance with aging,
incidence and age-of onset of decreased lateralization, and gender differences.
To gain further insight into the nature of how lateralization changes with aging
it is necessary to not only examine functional activity in the brain, but also the
structural properties in the biological network that provides the connections that
allow inter-hemispheric communication. These inter-hemispheric, or commisural,
connections are provided by the corpus callosum, the largest neural pathway in the
human brain, incorporating between 200 million and 800 million axons [25]. The
corpus callosum consists primarily of homotopic connections that connect homol-
ogous cortical regions in each hemisphere [132], but evidence has been found for
a small number of heterotopic connections [292]. Studies of the corpus callosum
often treat it as a single entity, but previous studies have revealed that different
components of the corpus callosum transfer different types of information suggest-
ing that the corpus callosum may be more accurately depicted as a collection of
independent pathways [25]. The functional role of the corpus callosum is still an
open issue with evidence for both inhibitory and excitatory roles [312]. The bal-
ance between inhibition and excitation may be regulated by a balance between
the two fiber types that make up the corpus callosum, large diameter fibers that
connect sensory-motor areas and small diameter fibers that connect association
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areas [312]. The smaller diameter axons are more prevalent and are believed to be
responsible for individual differences in callosal size [44].
In this study, functional subnetworks in the brain were examined using MRI
to measure both structure and function during a language processing task. A
healthy young adult population was compared to healthy seniors. The seniors
were grouped into higher performing and lower performing groups so that func-
tional and structural differences could be examined. Activated regions identified
in a previous study [122] were used to examine region-averaged activation values.
The activated regions were then used to identify the white matter fiber tracts
that provide the communication channels for intra and inter hemispheric commu-
nication. Atlas-based DTI tractography was used to create geometric models of
fiber bundles. Deterministic tractography was used to identify the well defined
association fibers that connect the activated regions of interest while a shortest-
path tractography method is used to identify the inter-hemispheric connections.
Structure was quantified with arc-length parameterizations of fractional anisotropy
(FA) [156, 64, 193, 218]. These structural and functional metrics were used to iden-
tify possible differences between the young adult and senior populations as well as
between the high and low performing senior groups.
5.2 Methods
Functionally activated regions were defined using fMRI and used to examine func-
tional activation levels in these regions as well as in homologous regions in the
opposite hemisphere. The activated regions were used along with diffusion tensor
MRI tractography to identify the white matter projections that connect pairs of
activated regions. Tract-averaged FA was measured in each fiber tract using a
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centerline-based method to identify structural differences related to aging. Dif-
fusion tensor images, T1 images and fMRI were acquired for a set of ten young
adults and 13 seniors. A working memory test was used to group the seniors into
two sets, a high-performing group that was cognitively matched with the young
adults (n=7), and a low-performing group that performed more poorly on the test
(n=6). These groupings are used to examine the relationship between structure
and function and their relationship to cognitive performance and aging.
5.2.1 Analyses of fMRI
A previous study investigated the neural mechanisms that support the resolution
of grammatically complex sentences [122]. Regions were identified from a contrast
of the point at which an ambiguity is encountered in a sentence with a “more-
compatible” direct object structure (e.g. “The mayor heard the election result on
the radio”) minus “less-compatible” sentences (e.g. “The mayor heard the election
result was fixed”) [122].
Processing of the fMRI data was performed using SPM5 [16]. For each sub-
ject, the functional data was motion-corrected, transformed into MNI space, spa-
tially smoothed with a 8mm FWHM isotropic Gaussian kernel and interpolated
to isotropic 2 mm voxels. A canonical hemodynamic response function was used
to convolve the onset times of stimulus events for each condition. A general linear
model approach was then used to calculate statistical parameter estimates for each
subject. The previously identified cortical regions were used to determine a peak
activation MNI-space coordinate which was used as the center of a spherical region
of interest (ROI) with a radius of 8mm. The regions are listed in table 5.1. The ac-
tivated regions were located in the left-hemisphere. Right hemisphere homologous
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regions were identified in order to examine functional lateralization. An average
t-value was calculated for each ROI, in each subject.
Cortical Region MNI Coordinates
Dorso-lateral prefrontal (DLPFC) -48 16 34
Posterior lateral temporal (PLTC) -58 -44 0
Inferior frontal (IPC) -48 8 12
Table 5.1: Peak activation MNI coordinates of functional regions of interest
5.2.2 Analyses of DTI
Diffusion tensor tractography in individual subjects is highly subject to false-
positive connections, but recent work has shown that population atlases provide an
appropriate space for identifying fiber bundle geometry [116, 315, 260]. To achieve
this, a multivariate atlas was created for the young and elderly subjects from larger
data sets of scanner and age-matched subjects. The young and elderly atlases were
then registered into a single final template space. Each subject’s high resolution T1
weighted image was registered to the corresponding age-matched template using
Symmetric Normalization as implemented in Advanced Normalization Tools [23].
This was accomplished through the use of a multi-resolution, non-rigid registration
algorithm to optimize a cross correlation metric under the constraints of a diffeo-
morphic transformation model [23]. A brain mask of the template was propagated
to each subject’s T1 weighted image. These skull-stripped T1 weighted images
were then registered to the FA image derived from each subject’s diffusion tensor
image. The intra-subject transforms were composed with the T1 atlas transforms
in order to transform each subjects’ tensor data into the final template space using
the preservation of principle direction technique along with log-Euclidean linear
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interpolation.
5.2.3 Fiber Tractography
The diffusion tensor component of the atlas was used to perform whole brain, de-
terministic fiber tractography [63]. Landmarks were manually placed in the T1
component of the atlas in order to extract well defined white matter fiber bun-
dles [294]. The functionally activated regions were warped from MNI space into
the template space and used as target regions to extract only the fiber bundles
that connected two regions of interest. Deterministic tractography was sufficient
for identifying the association fibers that provide the intra-hemispheric connec-
tions, but was not sufficient for identifying the inter-hemispheric connections (see
figure 5.1). Deterministic DTI tractography is known to have difficulty distin-
guishing between multiple fiber directions in a single voxel and is biased towards
the most prominent fiber direction in a voxel. In the case of the corpus callosum,
deterministic DTI tractography only identifies inter-hemispheric connections be-
tween superior cortical regions. To identify the most likely connective pathways
between the lateral cortical regions examined here, a shortest-path methodology
was employed. The total cost of a given potential pathway was determined by
examining a local energy metric, f(x), and summing over all points x in the path.
f(x) = β1d(x, x− 1) + β2(1.0− FA(x)) + β3(1.0− ~e(x) ~t(x)) (5.1)
where d(x, x− 1) is the distance between x and the previous position of x, FA(x)
is the fractional anisotropy of the tensor at x, ~e(x) is the principle direction of
diffusion at x, ~t(x) is the tangent to the path at x, and β1, β2 and β3 are user
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controlled parameters (here we used β1 = 1.0, β2 = 3.0, and β3 = 1.0). Dijkstra’s
algorithm is used to find the shortest-path between a seed point and a set of
possible target points [73]. To find the fiber tracts that provide inter-hemispheric
connectivity, all points in each left hemisphere region were used as seeds and the
points in the homologous right hemisphere region were used as possible targets.
The process was then repeated using the right hemisphere as seeds and the left
hemisphere points as targets. For each pair of regions this resulted in a set of
streamlines connecting the regions.
A centerline or skeletonization technique provides a method for avoiding bias
caused by partial voluming that occurs in voxels that are not entirely within the
white matter of the fiber tract of interest [260, 315]. Here we used a template-fiber
approach. Each white matter tract was estimated as a set of streamlines, each of
which was parametrized by arc-length to extend from 0.0 to 1.0. A BSpline was
then fit to the set of all points from all streamlines in each bundle to obtain a
single centerline that lies in the core of the fiber pathway of interest. For each
point along the model pathway, a tangent was calculated and used to determine
a perpendicular plane. The intersection of this plane with each of the streamlines
in the bundle defined a set of points. The normal and binormal vectors were used
to re-parameterize the intersection points into 2D coordinates. Graham’s scan
method was used to determine the convex hull that encloses the set of intersection
points [119], and least-squared method was applied to the points on the hull to
define an elliptical cross-section [91]. To obtain a single FA value for the entire
fiber bundle, the FA values were averaged over the length of the centerline.
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Figure 5.1: Top: The human corpus callosum (image adapted from [204]). Determin-
istic tractography methods are able to identify the aspects of the corpus callosum that
connect superior cortical regions (green arrows), but are unable to identify the aspects
that extend to more lateral cortical regions (red arrows). Bottom: Example results of
atlas-based deterministic fiber tractography of the human corpus callosum with fibers
colored by brain lobe.
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5.3 Results
5.3.1 Function
The functional analyses revealed a network made up of 3 activated regions in the
left hemisphere: dorsolateral prefrontal cortex (DLPFC), posterolateral temporal
cortex (PLTC) and inferior frontal cortex (IFC). The region-averaged functional
activation values are summarized in figure 5.2. To identify activation changes
that potentially result from aging, a Student’s t-test was used to compare the
young adults to all seniors for each ROI and suggested that activation in the right
posterolateral cortex is greater in seniors (p=0.012). This same approach was used
to identify potential differences between the hihg and low performing seniors. The
cognitively high performing seniors were found to have greater activation in the
right dorsolateral prefrontal cortex (p=0.014) and reduced activation in the left
posterolateral cortex (p=0.033) compared to the low performing seniors.
5.3.2 Structure
The DTI tractography identified a network of connections made up of the arcuate
fasciculus (right and left hemispheres), a bundle of short frontal fibers (right and
left hemispheres), and 3 subcomponents of the corpus callosum. These fiber bun-
dles were used to generate geometric models, illustrated in figure 5.3, and average
FA values was determined for each fiber tract. A Student’s t-test was used to
identify potential differences between the young adults and seniors. Reduced FA
in seniors compared to young adults was found in the inter-hemispheric connec-
tion between the PLTC regions (p=0.02889) and in the right short frontal fibers
(p=0.00955). Increased FA in seniors was found in the right arcuate fasciculus
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Figure 5.2: Region-averaged functional activation was measured in both hemispheres
in the dorsolateral prefrontal cortex (top row), posterolateral temporal cortex (middle
row) and inferior frontal cortex (bottom row).
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(p=0.00747). Compared to lower performing seniors, higher performing seniors
had lower FA in the inter-hemispheric connections between right and left IFC.
5.4 Discussion
This study demonstrated the potential for using combined analysis of fMRI and
DTI in examining age-related changes in function and structure in the brain and
how these changes regulate behavior. A comparison of the inter-hemispheric acti-
vation patterns that occur in the high and low performing elderly adults reveals
differences in the DLPFC and PLTC regions. In both cases the low performing el-
derly adults have higher activation in the left hemisphere compared to right, while
the high performing elderly adults have higher activations in the right hemisphere
compared to left. These functional differences are accompanied by structural dif-
ferences in the white matter that connects these activated regions. The finding of
increased FA in the right hemispheric arcuate fasciculus and deceased FA in the
short frontal fibers in the right hemisphere of elderly subjects compared to young
adults suggests that age-related white matter changes may facilitate the increased
functional recruitment of right hemispheric resources. Age related differences in
inter-hemispheric connections are also found with elderly adults exhibiting lower
FA in the connection between PLTC compared to young adults. Differences be-
tween the high and low performing adults were found in the connections of the
inferior frontal cortex with high performing elderly adults having lower FA than
the low performing adults who had similar FA values to that of the young adults.
Overall, these findings support the compensation view which suggests that right
hemisphere brain function during language processing increases with age [50]. The
elevated right hemispheric activation in the PLTC found in elderly adults is ac-
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Figure 5.3: A set of 3 functionally activated regions: Dorsolateral Prefrontal Cortex
(DLPFC), Posterolateral Temporal Cortex (PLTC), and Inferior Frontal Cortex (IFC)
were identified in the left hemisphere. These regions, along with their right hemisphere
homologues were used to identify the fiber tracts that provide biological connectivity.
In each hemisphere, intra-hemispheric connectivity is provided by the arcuate fasciculus
(pink) and a bundle of short frontal fibers (blue). Each homologous pair of activated
regions was used to identify the following subcomponents of the corpus callosum that
provided inter-hemispheric connectivity: DLPFC (green), IFC (orange) and PLTC (yel-
low). Surface-meshes created from the the geometric models are used for visualization
of the white matter tracts.
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Figure 5.4: Tract-averaged fractional anisotropy was measured for the portions of the
corpus callosum that provide inter-hemispheric connections between the cortical regions
of interest (top row), the arcuate fasciculus (middle row) and short frontal fibers (bottom
row).
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companied by a decrease in the inter-hemispheric connections of the PLTC. This
finding is consistent with the compensation view as these connections are thought
to play an inhibitory role that aids in hemispheric specialization [312]. The activa-
tion patterns in elderly adults also supports the compensation view as the higher
performing elderly adults showed higher right hemisphere activation in the DLPFC
and PLTC compared to lower performing adults, suggesting that recruiting right
hemisphere resources is more beneficial to cognitive performance than increasing
activation levels within the left hemisphere.
Due to the complicated composition of the corpus callosum, caution must be
taken when interpreting FA values as FA is sensitive to a variety of white matter
properties including but not limited to: myelination, axon diameter and density,
fiber tract curvature, and intra-voxel fiber crossings [26, 254, 290]. All of these fac-
tors are relevant in the corpus callosum which contains two different types of fibers
(i.e. small diameter and large diameter) that make up independent subcompo-
nents that may vary in density and degree of myelination and connect to different
functionally specialized cortical regions. While our examination attempted to fo-
cus on connections between association regions, the mixing of fibers that occurs as
fiber approach the mid-sagittal cross-section could cause a partial voluming bias
based upon myelination differences in sensory-motor fibers. As demonstrated by
Pierpaoli et al. [229], a selective decrease in the FA of one fiber population may
result in an increase in FA within an individual voxel, and vice versa. Because
of these issues, more work must be done to gain a deeper understanding of the
physical basis for the structural changes detected here.
The use of template fibers with elliptical cross-sections provided an effective ge-
ometric model for examining white matter fiber bundle properties, and a great deal
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of opportunity exists for the development of more biologically relevant measures
of structure. Here, these models were purely template-based and used to examine
FA in individual subjects. Using these template-based models as a basis for fitting
subject-specific models from subject-space tractography could potentially provide
a more sensitive measure of structural integrity and could provide a framework
that explicitly examines the geometry of white matter pathways as well as the
properties of the underlying tissue. Additionally, the use of metrics that leverage
the expected fiber orientation provided by the geometric model may be useful as
they incorporate more widespread information about the fiber tract as opposed to
the purely local measure provide by FA [79].
In order to examine functional activation in each hemisphere and identity con-
nective pathways of the corpus callosum, cortical ROI’s of equal volume were used.
This is potentially problematic as language related regions such as Broca’s area
have been demonstrated to be larger in the left hemisphere and additionally, sizes
vary a great deal between individuals [102]. This could potentially be addressed by
incorporating the use of a cortical atlas in which cortical areas, such as Brodmann
areas, have been labeled. The use of a shortest-path fiber tracking method is de-
pendent upon the a priori assumption that the target and seed regions are directly
connected by a white matter tract. The low FA values found for the commisural
connection of the DLPFC may suggest that rather than a direct connection, these
regions may communicate via indirect connections via a combination of association
and commisural fibers.
In summary, an atlas-based approach was used to examine age-related changes
in functional and structural lateralization. Seniors were found to have higher ac-
tivation in the right PLTC and this activation was greater for higher performing
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seniors than lower performing seniors. Age-related increases and decreases in asso-
ciation fiber were found with FA in the right hemisphere arcuate fasciculus being
higher in seniors, but FA in the right hemisphere short frontal fibers being lower
in seniors. Reduced FA was found in the the PLTC inter-hemispheric connections
of all seniors. Differences were found between high and low performing seniors
in the commisural connections of the IFC with low performing seniors having FA
values similar to the young adults and high performing seniors having reduced FA.
These results suggests that age-related changes in both functional and structural
lateralization have effects on cognitive performance, but due to the limited sample
size and complex nature of the structures, further examination is required.
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Chapter 6
Conclusions and Future
Directions
6.1 Contributions
The specific contribution of this dissertation are as follows:
• We presented methods for using multivariate data to identify anatomy-specific
white matter trajectories for the examination of focal white matter degrada-
tion resulting from traumatic brain injury.
• A method for creating geometric models of tube-like fiber tracts was devel-
oped to increase statistical power and reduce dimensionality.
• We undertook the first study demonstrating the cognitive influence of the
functional and structural connections that integrate two subnetworks to form
a large-scale neural network that allows for complex cognitive processing in
a study of decision-making in a language task.
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• A study examining structure and function examined the hypothesis that a
reduction in functional symmetry with aging is accompanied by structural
changes in the fiber tracts that provide associative and commisural connec-
tivity to the cortical regions associated with the language network.
6.2 Future Directions
In all methodological development, an emphasis was placed upon the the use of
freely available, open-source code, specifically: ITK [313], ANTS [20], Pipedream
[142] and Camino [63]. All relevant code will be integrated into these existing
packages, and made publicly available.
We have demonstrated a method for creating atlas-based geometric models of
fiber tracts that is applicable to components of all fiber types found in the brain:
projection, commissural and association. The creation of a single multivariate
atlas in which all of these fiber tracts were identified and modeled could provide
a basis for a number of studies. Evidence of effects in all of these fiber types has
been found for TBI [80, 256, 162] and for aging [12, 243, 32].
Chapter 3 presented evidence that subject-specific fitting of fiber templates
enhances fidelity and statistical significance in a study comparing two populations.
Extending this idea to the geometric models of fiber tracts used in chapters 4
and 5 could provide an interesting framework for whole-tract studies, especially
if combined with an atlas including all of the fiber tracts that may be identified
using DTI-based methods, as described above. While initially intended for use
in identifying white matter differences, earlier work [79] examining a metric that
relates a diffusion tensor to a prior estimate of orientation could provide a natural
metric for adapting template fiber models to subject-specific data sets.
101
The work presented in chapter 5 provided interesting results regarding the na-
ture of lateralization with aging and the resulting functional and structural conse-
quences, but the small sample size limited what could be studied. An examination
of the structural consequences of aging using available, larger datasets would be in-
teresting. This also presents an opportunity to examine dissection-based methods
for heuristically partitioning the midsagittal cross-section of the corpus callosum
based upon functional associations, in particular the method proposed by Witel-
son, et al. [304]. Witelson’s method has been used extensively and continues to
be used to link structural and functional changes, and it would be interesting to
evaluate its relevance with regard to modern neuroimaging-based techniques.
All of the functional connectivity analyses presented here relied upon the use
of event-related BOLD fMRI. While BOLD fMRI is a widely used modality, it is
not the only neuroimaging technique available for detecting function in the brain.
The use of arterial spin labeling (ASL) fMRI presents an interesting opportunity
as recent work has suggested it may offer multiple advantages over BOLD such as
higher sensitivity to slowly changing neural activity, reduced inter-subject variabil-
ity, and enhanced fidelity of functional localization [72]. Despite these advantages,
little work has explored the combined analysis of DTI and ASL fMRI.
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Appendix A
A.1 Publications by the author
Publications by the author may be seen in [80, 79, 81, 82, 83, 251, 29, 21, 271, 272].
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